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Generative AI has moved from a backend operational tool to a front-facing creative instrument shaping how brands design and present themselves to consumers. As AI integration becomes increasingly common in marketing and brand communication, a countermovement of brands deliberately distancing themselves from AI has also begun to emerge. This creates a consequential question for brand managers: should companies publicly position themselves as AI adopters, or does distancing from AI offer a competitive advantage? Despite the strategic relevance of this question, no prior study has directly tested whether explicit AI-free positioning produces measurable improvements in consumer attitude and purchase intention relative to AI-first positioning.
This study addresses that gap through a randomized between-subjects experiment administered via Qualtrics to 138 valid respondents. Participants were exposed to one of two positioning conditions for a fictitious sunglasses brand: an AI-free condition emphasizing human craft and transparency, or an AI-first condition declaring AI as the brand's primary creative tool. Brand attitude and purchase intention were measured as primary outcomes, brand authenticity as the mediating mechanism, and algorithm aversion as the moderating boundary condition. A willingness to pay measure tested the financial consequences at a USD 100 anchor price.
The results show very large effects across all outcomes. AI-free positioning produced significantly more positive brand attitudes (d = 1.39), higher purchase intention (d = 1.14), and a 56% higher mean willingness-to-pay ($113.34 vs. $72.70) compared to AI-first positioning. Brand authenticity fully mediated both effects, accounting for approximately 82% of the influence of positioning on consumer outcomes. Algorithm aversion moderates these effects, with the AI-free advantage growing substantially among consumers with higher resistance to algorithmic involvement, who represent roughly 78 to 87% of the sample.
The fuller interpretation is that AI-free positioning does not generate enthusiasm above the baseline of favourable evaluation consumers extend to brands by default; rather, AI-first positioning destroys that baseline. AI-first is the marked condition producing active rejection, while AI-free preserves the consumer's default favourable evaluation in craft-relevant categories.
Three practical implications follow. First, AI-first positioning should be treated as a high-risk strategy in categories where human craft is part of the perceived value proposition; brands may continue to use AI internally but should not publicly announce that they do. Second, AI-free positioning is a defensive move that preserves baseline evaluation rather than an offensive move that generates a premium and requires credible long-term commitment because the effect operates entirely through perceived authenticity. Third, AI disclosure should be treated with the strategic weight given to corporate social responsibility, since both operate through the same authenticity-based pathway.
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[bookmark: _Toc230199601]The evolution of AI in marketing
Modern marketing is undergoing a seismic shift driven by the rapid maturation of Artificial Intelligence (Khokhar & Chitsimran, 2019). No longer confined to backend data analysis, AI has moved to the forefront of the creative process, fundamentally altering how brands visualize and communicate their identities (Indrawan et al., 2024). This evolution spans every consumer touchpoint, from the refinement of logos to the end-to-end production of high-definition commercials. The primary driver is fidelity: modern generative models now produce synthetic media virtually indistinguishable from lens-based photography or human-generated illustration, and the motivation to adopt them is rooted in economic efficiency (Khokhar & Chitsimran, 2019; Indrawan et al., 2024). Industry titans such as Coca-Cola and Burger King have integrated these tools into high-profile campaigns, signalling validation at the highest levels of corporate marketing (Coca-Cola, 2026; Burger King Brazil, 2026). By leveraging generative AI, corporations can bypass the capital-intensive demands of traditional production, including actors, locations, sets, and large visual teams. At the most committed end of this spectrum sits what Harvard Business School defines as the AI-first company, in which AI is not a support function but a core capability shaping products, services, strategies, and operations such that AI governs all decision-making within the organisation (Stobierski, 2025).

Yet rapid integration has not been without consequence. Concerns surrounding ethics, transparency, customer data privacy, the use of protected artwork for system training, and environmental sustainability have often been treated as afterthoughts (Uruci, 2025). Public perception has fallen into turmoil, and brands using AI are no longer simply adopting a tool; they are making a statement that suggests complicity with these underlying issues. It is therefore essential for companies to analyse whether AI use is a sound strategic choice (Grewal et al., 2024). This tension has given rise to a countermovement of brands that deliberately distance themselves from AI as a creative instrument. An AI-free company positions its lack of AI integration as a defining feature of its identity, offering transparency and human touch as an explicit alternative to algorithmically generated content (Boesen, 2024). Such brands commit to human consciousness, choice, and creativity as the foundation of their output, treating AI at most as a peripheral tool rather than a creative guide (AI-Free Label, 2026). This growing divergence between AI-first and AI-free positioning, and whether the choice between them carries measurable consequences for consumer trust, forms the central concern of the present study.
[bookmark: _Toc230199602]Research gap and problem statement
Generative AI adoption in the United States reached 50% of the population aged 18 to 64 by the end of 2025, while 90% of organizations now incorporate AI into their operations, with 40% to 50% deploying generative AI for work-related tasks (McKinsey & Company, 2025). Yet this rapid adoption coexists with a growing crisis of trust. Consumers increasingly distrust what they encounter online, fearing AI is misused to spread misinformation, enable false advertising, and raise broader ethical concerns (Deloitte, 2025; Chee-Read, 2025). A social stigma surrounds AI use itself, with many individuals reluctant to disclose they rely on it at all (Chee-Read, 2025). This creates a fundamental paradox: consumers are adopting AI at an accelerating pace while simultaneously distrusting and, in some cases, feeling ashamed of it.

The paradox raises a consequential strategic question: should companies publicly position themselves as AI adopters, or does distancing from AI offer a competitive advantage? Universal Studios' decision to include end-credit disclaimers stating their content is not used to train AI algorithms (Milakovic, 2025) signals that AI-free positioning is emerging as a deliberate brand stance rather than a passive omission. Despite its growing strategic relevance, the area remains empirically underexplored. Existing literature has examined general consumer attitudes toward AI and the effect of AI-generated content on perceived quality, but no study has directly tested whether an explicit AI-free brand positioning produces measurable improvements in consumer attitude and purchase intention relative to an AI-first positioning. Without empirical evidence, brands navigating this decision are left to rely on intuition rather than data. The present study addresses this gap directly.
[bookmark: _Toc230199603]Research objectives and scope
The study focuses on B2C consumer markets, uses a predominantly Western sample, examines AI positioning at the level of public-facing creative brand communications (both visual and textual) rather than operational, service, or internal tool-use functions, and measures outcomes at a single point in time.

To pursue these objectives, the study uses Roy Sunglasses, a fictitious brand with no prior consumer recognition, as the experimental stimulus. This ensures responses reflect reactions to positioning alone, uncontaminated by existing brand associations. Data is gathered across diverse consumer profiles so findings can inform which segments are most responsive to AI-free messaging.

The study is bounded in several respects. It focuses on B2C consumer markets and does not extend to B2B contexts. The sample reflects a predominantly Western consumer base. The study examines AI positioning at the level of public-facing creative brand communications, encompassing the images, campaigns, and copy a brand publishes, and does not address consumer reactions to AI deployed in back-office functions such as analytics, logistics, or internal productivity tools, nor in service functions such as customer support or recommendation engines. The study also does not address the use of AI as a peripheral creative aid by human designers or writers; the AI-first stimulus tests AI as the primary creative engine producing the final brand output, and the AI-free stimulus tests its explicit absence from that role. All dependent variables are measured at a single point in time, capturing immediate attitudinal and intentional responses rather than long-term behavioural outcomes.
[bookmark: _Toc230199604]Research questions
This study is guided by two research questions. First, does an explicit AI-free brand positioning, relative to AI-first positioning, produce more favourable consumer attitudes toward the brand and a higher intention to purchase? Second, does brand authenticity mediate the relationship between brand AI positioning and these consumer outcomes, and does algorithm aversion moderate the strength of this relationship?

The two questions are hierarchically related. The first establishes whether the effect exists; the second explains the psychological mechanism behind it. Together they map directly onto the study's four hypotheses and ensure the findings contribute not only a measurable outcome but a theoretical explanation for it.
[bookmark: _Toc229655664][bookmark: _Toc230199605]Theoretical Framework
This chapter develops the theoretical foundation for the study by examining eight interrelated literatures that together explain how brand AI positioning influences consumer evaluations. Positioning theory establishes the strategic frame within which a brand communicates its identity (2.1), and generative AI is introduced as the production attribute around which the positioning contrast is built (2.2). Brand authenticity and Point of Differentiation provide the conceptual mechanisms through which positioning is translated into perceived brand value (2.3 and 2.4), while signalling theory explains how explicit positioning statements function as informational cues in conditions of consumer uncertainty (2.5). Algorithm aversion identifies a psychological boundary condition that shapes how consumers receive AI-related signals (2.6). Finally, purchase intention and consumer attitudes are reviewed as the downstream evaluative outcomes through which the effects of positioning are measured (2.7 and 2.8). Together, these literatures provide the building blocks for the conceptual model and the four hypotheses developed in Chapter 3.
[bookmark: _Toc230199606]Positioning
Positioning is the process by which a brand defines and communicates its values, identity, and offering to consumers (Ateke et al., 2022). It functions as a "super communication" method, signalling what a brand is, who it is for, and what it provides (Rosenbaum-Elliott et al., 2018). While consumers often position brands subconsciously, companies cannot afford to leave this to chance. Instead, they actively shape a distinguishing image relative to competitors by forming associations across key dimensions: product attribute vectors, competing brands, and consumers' attitudes, beliefs, and feelings (Herrmann & Huber, 2000; Ateke et al., 2022; Armstrong et al., 2019). As Armstrong et al. (2019, p. 235) summarise, "Products are created in the factory, but brands are created in the mind," underscoring that consumer perception is ultimately the arena in which positioning succeeds or fails.

Because consumers cannot re-evaluate every product before each purchase, they mentally organise brands into hierarchical categories, a framework referred to as the mindspace (Rosenbaum-Elliott et al., 2018). Marketers seek to move their brand upward within this hierarchy by cultivating distinct associations in the consumer's mind (Rosenbaum-Elliott et al., 2018; Herrmann & Huber, 2000). To do so effectively, they must measure how similar consumers perceive their brand to be relative to competitors, consumer preferences across distinct scenarios, and actual consumer behaviour (Armstrong et al., 2019; Rosenbaum-Elliott et al., 2018; Herrmann & Huber, 2000). A critical factor in this process is that consumers interpret new stimuli through pre-existing schemas, organised collections of beliefs and feelings (Solomon et al., 2016). A positioning message is therefore not received neutrally; it is filtered through whatever schema the consumer already holds. A brand positioning itself as environmentally friendly, for instance, will have no impact on purchase intention if the consumer holds neutral schemas on the topic (Solomon et al., 2016). This is why marketers link brand attributes to consumers' individual values rather than relying on objective facts alone, since a consumer's subjective conviction is far more durable than an empirical claim that can be challenged (Herrmann & Huber, 2000). Even when consumers cannot consciously articulate a brand's positioning, repeated exposure to a consistent message can generate subconscious associations over time (Rosenbaum-Elliott et al., 2018).

Constructing an effective positioning strategy involves identifying the competitive advantages a brand holds, selecting the most strategically valuable among them, and developing a communication plan that conveys and reinforces that position consistently (Armstrong et al., 2019). A differentiator merits investment only when it is important, distinctive, communicable, pre-emptive, affordable, and profitable (Armstrong et al., 2019). When competing brands offer functionally similar products, brand image itself becomes the key differentiator (Armstrong et al., 2019). Alternatively, oppositional positioning places a brand against a dominant force in the market, fostering a sense of solidarity with the consumer, as though the brand is on their side (Rosenbaum-Elliott et al., 2018).
[bookmark: _Toc230199607]Generative AI as a creative tool
Generative AI (GAI) is a category of artificial intelligence capable of producing diverse outputs including images, text, video, and audio by learning patterns from vast training datasets and sampling from them probabilistically (Banh & Strobel, 2023). Unlike traditional AI, designed for specific tasks such as classification or prediction, GAI produces open-ended outputs that are both diverse and non-replicable (Banh & Strobel, 2023; Laine et al., 2025). These capabilities depend on training using large volumes of user-created content sourced from the internet, raising significant copyright and privacy concerns (Laine et al., 2025).

GAI spans several modalities: text-to-image models such as Midjourney and DALL-E, which had generated approximately 15 billion images by 2023 (Caporusso, 2023); video models such as Sora and Runway, increasingly adopted by brands for commercial production (Lv, 2023; Banh & Strobel, 2023); and Large Language Models (LLMs) such as ChatGPT and Gemini, with over 100 million users globally (Laine et al., 2025; Banh & Strobel, 2023). LLMs remain prone to hallucinations and generic patterns that lack depth in creative contexts (Banh & Strobel, 2023; Creely & Blannin, 2024). Audio and music synthesis represent a further emerging category (Caporusso, 2023).

GAI's business integration has yielded benefits across financial, operational, and creative dimensions (Huang et al., 2025; Salmo, 2024), including potential operating cost reductions of up to 40% (BCG Global, 2025) and over 1.3 million new jobs in roles such as AI Engineer and Data Annotator (Shapero, 2026). Despite these benefits, GAI poses serious ethical and social challenges. The most prominent is intellectual property: AI models are trained using creative output without authorisation, undermining the rights of original creators (Laine et al., 2025; Creely & Blannin, 2024). GAI can also replicate a person's likeness without consent, enabling deepfakes and voice cloning (Caporusso, 2023; Huang et al., 2025), and because models are trained on unfiltered online data, they frequently reproduce societal and political biases (Laine et al., 2025; Banh & Strobel, 2023; Huang et al., 2025).

At a deeper cultural level, GAI is provocative because it mimics creativity, a fundamental human capacity tied to identity and meaning making (Caporusso, 2023). Caporusso (2023) identifies four factors distinguishing GAI from previous technological shifts: it operates at the top of Maslow's hierarchy of needs, directly challenging human creative identity; it can replicate and surpass creativity independently rather than merely augmenting it; its adoption rate and output volume are unprecedented; and it performs at or above human level on standardised intelligence measures. In the United States alone, more than 1.2 million people have lost their jobs to AI-driven automation (Kaye, 2025; Burleigh, 2026).
[bookmark: _Toc230199608]Brand Authenticity
Brand authenticity refers to a brand's ability to convincingly convey its genuine commitment to a cause, purpose, or worldview, grounded in three core attributes: heritage, sincerity, and quality (Solomon et al., 2016; Södergren, 2021). As cultural understandings of authenticity have evolved to encompass truthfulness, responsibility, and transparency, brands must strike a balance between the literal and the figurative for consumers to both relate to and believe in what is communicated (Södergren, 2021).

Crucially, brand authenticity is understood as a two-step, co-creative process. Marketers may lay the groundwork through positioning and consistent application of authenticity's three core attributes, but the second step belongs to the consumer (Portal et al., 2019). Consumers evaluate authenticity by measuring it against their own authentic self, using the brand as a vehicle to reconnect with a place, a period, or a cultural identity (Napoli et al., 2014; Rosenbaum-Elliott et al., 2018). Because authenticity is embedded in the consumer's personal identity project, this evaluation is goal-driven and highly individual (Napoli et al., 2014). The outcome is a co-creation in which the brand's values and positioning intersect with the consumer's own memories, beliefs, and sense of self to form a perception of authenticity in the consumer's mind (Portal et al., 2019).

For this process to function, brands must invest in building a distinctive, recognizable identity. Consistent imagery is essential to communicating an authentic promise, one that must be proven through sustained commitment over time rather than constructed rapidly (Armstrong et al., 2019; Portal et al., 2019). This is supported by the four C's of brand authenticity, namely communication, commitment, coolness, and connection, which work in tandem with the three core attributes (Södergren, 2021; Rosenbaum-Elliott et al., 2018). Emotional resonance is another significant dimension: when a brand forges an emotional connection, it becomes embedded in consumer memory (Rosenbaum-Elliott et al., 2018). However, consumers are highly perceptive of artificiality, whether stemming from generative AI or staged emotional imagery, and such inauthenticity erodes consumer trust (Solomon et al., 2016).

Brand authenticity cannot be manufactured or imposed. Word-of-mouth is its most powerful amplifier, as consumers who voluntarily share positive brand experiences generate credibility that corporate communication cannot replicate (Solomon et al., 2016). Artificially engineered hype undermines credibility, while organic advocacy conveys sincerity. When successfully cultivated, brand authenticity yields measurable gains in consumer trust, loyalty, perceived quality, and iconicity, functioning not merely as a marketing instrument but as a long-term brand asset (Södergren, 2021; Solomon et al., 2016).
[bookmark: _Toc230199609]Point of Differentiation (POD)
A Point of Differentiation (POD) refers to the specific feature of a brand that not only sets it apart from competitors but actively causes consumers to choose it over rivals (Sharp & Dawes, 2001). For a difference to hold strategic value, it must be important, distinctive, superior, communicable, pre-emptive, affordable, and profitable (Armstrong et al., 2019). The more POD claims a brand makes, the greater the risk of consumer disbelief and diminished positioning clarity, suggesting that a focused, credible differentiation strategy is preferable to an overextended one (Armstrong et al., 2019).

A POD must be backed by genuine delivery. Positioning around superior quality or service constitutes a promise, and failure to fulfil that promise undermines the brand (Armstrong et al., 2019). By concentrating resources on its core POD, a brand can also strategically reduce investment in less valued features, improving cost efficiency (Sharp & Dawes, 2001). PODs fall into two broad types: product differentiators, which are tangible features of the offering itself, and process differentiators, which relate to how the product is made or delivered (Armstrong et al., 2019). Within process differentiation, ethical and sustainable practices have emerged as a particularly powerful form of distinction; brands that adopt a credible stance on social responsibility separate themselves from competitors and build a reputation that increasingly functions as a determinant attribute in consumer decision-making (Solomon et al., 2016). However, the differentiating power of such commitments is conditional on perceived sincerity and fit: low-fit or profit-motivated initiatives can damage consumer beliefs, attitudes, and intentions, whereas high-fit, proactive ones improve them (Becker-Olsen et al., 2006).
[bookmark: _Toc230199610]Signalling Theory
Signalling theory investigates how information is transmitted to communicate identity or quality, thereby overcoming the scepticism receivers may have toward senders (Dunham, 2011). In consumer contexts, signals function as inferred indicators of hidden product dimensions, derived from observable attributes. When full product information is unavailable, consumers rely on beliefs about co-variation to guide them toward a decision. Such signals may include the length of time a manufacturer has been in business, brand names, country of origin, and retail outlets (Solomon et al., 2016).

Among the most widely used signals is the price-quality relationship. Novice consumers often assume a higher price indicates higher quality, an assumption that may not hold (Dodds et al., 1991). More experienced consumers place less reliance on price, drawing instead on product examination or recalled past experiences (Armstrong et al., 2019). Advertising intensity operates as a complementary signal: higher product quality incentivises greater advertising investment, which communicates confidence and shapes perceived quality, ultimately increasing willingness-to-pay (Tsui, 2012). The effectiveness of these signals is amplified when text and imagery work together, with text describing attributes and images capturing attention and aiding comprehension (Fan & Zhang, 2020).

The informational value of signalling is contingent on consumer familiarity with the sender. Signalling theory is most potent when consumers are uncertain about a company's true nature; in such cases, sustainability signals can prove highly informative and foster loyalty, though their incremental effect diminishes once consumers are already familiar with them (Taoketao et al., 2018). Trust represents a further critical signal, though its role is conditional, becoming relevant primarily in high-perceived-risk purchasing situations and only when the consumer already has some familiarity with the product (Rosenbaum-Elliott et al., 2018). Symbolic brands operating in high-risk-perception markets must therefore cultivate trust by signalling consumer-brand intimacy and emotional investment (Rosenbaum-Elliott et al., 2018).
[bookmark: _Toc230199611]Algorithm Aversion
Algorithm aversion refers to the tendency of both experts and laypeople to resist incorporating algorithms into decision-making, creation, and forecasting, instead preferring human intervention (Dietvorst et al., 2014; Jussupow et al., 2024). This resistance is paradoxical: individuals exposed to an algorithm making consistent errors significantly reduced their confidence in it, whereas witnessing humans make even greater errors did not produce the same effect (Dietvorst et al., 2014; Solomon et al., 2016). At its core, this bias reflects human self-favouritism, a positivity bias activated when algorithmic competence is perceived as a threat to human identity and capability (Morewedge, 2022).

The aversion intensifies in domains where algorithms are seen as lacking distinctly human qualities such as empathy, creativity, contextual judgment, and the capacity to recognise individual uniqueness (Jussupow et al., 2020; Morewedge, 2022). The bias is not uniform across tasks. People tend to be neutral toward algorithms performing objective, analytical functions such as data processing or weather forecasting, but become significantly more resistant when algorithms operate in subjective or identity-laden domains (Morewedge, 2022). Individuals who derive personal meaning from an activity such as driving, cooking, or fishing are considerably less likely to trust an algorithm performing that same task (Morewedge, 2022).

This aversion manifests in consumer behaviour. Experience-related products recommended by humans are more likely to be purchased than those recommended by AI, while recommendations for functional, search-based products are received neutrally regardless of source (Xie et al., 2022). Crucially, this is not merely a deliberate attitudinal preference but reflects an automatic, implicit cognitive conflict (Xie et al., 2022). An experiment in which participants viewed identical Netflix show descriptions labelled as either AI-generated, human-AI collaborative, or human-authored found that participants consistently rated human-authored descriptions as more creative and viewed them more favourably, while AI-labelled content was perceived as requiring less effort, a perception that reduced attributed creativity and overall willingness to engage (Heimstad et al., 2025).

These dynamics are not static. Aversion can be attenuated when algorithms are developed collaboratively with human input, generating a preference for hybrid human-algorithm configurations over purely algorithmic ones (Jussupow et al., 2020). The emergence of Generative AI has begun to shift the landscape, with its interactive and conversational qualities softening traditional aversion and giving way in some contexts to AI appreciation (Kim et al., 2025). Attitudes toward AI are therefore increasingly contingent on user motivation, expertise, and task nature, with mechanical applications still received neutrally and intuitive or empathetic applications eliciting mixed rather than predominantly negative responses (Kim et al., 2025).
[bookmark: _Toc230199612]Purchase Intention vs Purchase Decision
Purchase intention refers to a consumer's commitment to acquire a product or service following exposure to certain stimuli, emerging from an attitudinal evaluation that reflects willingness to follow through with a transaction (Al Hafizi & Ali, 2021; Haro et al., 2020). It encompasses the cognitive process through which consumers draw on existing product knowledge, compare alternatives, and weigh contextual factors such as brand reputation, price, and past experiences before deciding whether to buy (Al Hafizi & Ali, 2021; Haro et al., 2020; Mutmainah & Wahidhani, 2024).

The consumer decision-making process preceding a purchase unfolds across five stages: need recognition, information search, evaluation of alternatives, purchase decision, and post-purchase behaviour (Armstrong et al., 2019; Adhimusandi et al., n.d). During evaluation, consumers rank brands and form purchase intentions, typically favouring their preferred option. However, two factors can disrupt the transition from intention to decision: the attitudes of socially significant others, and unforeseen situational circumstances such as changes in income, price, or perceived product benefits (Armstrong et al., 2019).

This gap between intention and behaviour is well-documented. Research consistently shows a low correlation between reported attitudes toward a product and actual purchasing conduct (Solomon et al., 2016). Understanding how a consumer feels about purchasing from a brand tends to be more predictive than their evaluation of the product itself (Solomon et al., 2016; Mutmainah & Wahidhani, 2024). Brand awareness, brand loyalty, and perceived quality all positively influence purchase intention (Shakuntala & Ramantoko, 2023). Corporate social responsibility (CSR) initiatives also strengthen purchase intention, as consumers increasingly value companies that demonstrate concern for environmental and societal issues beyond profit (Adhimusandi et al., nd; Mutmainah & Wahidhani, 2024). Notably, user-generated content significantly influences purchase intention, whereas firm-created content does not carry the same effect (Shakuntala & Ramantoko, 2023).
[bookmark: _Toc230199613]Consumer Attitudes
Attitudes are lasting and consistent evaluations that reflect people's feelings and tendencies toward objects, people, and ideas, collectively referred to as attitude objects (Solomon et al., 2016; Armstrong et al., 2019). In the marketplace, attitudes serve as a powerful analytical tool, revealing what consumers like or dislike, why, and the behavioural motivations that draw them toward or away from brands.

A foundational framework is the ABC model, a tricomponent structure breaking individual attitudes into Affect, Behaviour, and Cognition (Solomon et al., 2016; Hussain, 2024). Affect refers to how a consumer feels about an attitude object; behaviour encompasses intentions to act; and cognition represents beliefs held about it. The model captures the interrelationship between knowing, feeling, and doing (Hussain, 2024). Critically, the ABC model does not operate in a fixed sequence. Depending on consumer involvement, three distinct hierarchies of effects emerge (Solomon et al., 2016). The standard learning hierarchy follows Think to Feel to Do, characteristic of high-involvement decisions. The low-involvement hierarchy proceeds as Do to Feel to Think, with attitude formed only after using the product. The experiential hierarchy follows Feel to Think to Do, where emotional reactions serve as the primary driver, shaped by intangible attributes such as packaging, brand names, and advertising aesthetics. Zajonc (1980) argued that affect operates as a primary influence on preference development, often preceding cognition entirely (Rosenbaum-Elliott et al., 2018, p. 46).

Attitude formation is inherently personal. When an attitude performs a value-expressive function, it reflects core values or self-concept, making product choice a statement about identity rather than a response to objective benefits (Solomon et al., 2016). Attitudes may also serve an ego-defensive function, shielding consumers from challenges to their self-image; when a brand is perceived as threatening self-concept, consumers are likely to disengage entirely (Solomon et al., 2016).

The relevance of these attitudinal dimensions is particularly evident in AI-generated content. AI tends to generate ambivalent attitudes, simultaneously positive and negative evaluations existing independently of one another (Schepman & Rodway, 2024). Unidimensional scales are insufficient to capture this complexity; researchers must account for personality traits, corporate distrust, general trust, and AI anxiety (Schepman & Rodway, 2024). Human-generated content tends to elicit stronger emotional responses than AI-generated equivalents, and when consumers become aware of a content's artificial origins, it can trigger perceptions of manipulative intent, undermining the effectiveness of emotional appeals (Hussain, 2024).
At the behavioural level, consumer attitudes directly influence downstream outcomes. A more favourable attitude toward an advertisement increases perceived brand credibility, though as the purchase intention literature shows, a positive attitude does not automatically translate into a purchase decision (Sameti & Khalili, 2017; Adhimusandi et al., nd; Mutmainah & Wahidhani, 2024). Foundational work established that attitude toward the advertisement itself, not only beliefs about product attributes, mediates both brand attitude and purchase intention (Mitchell & Olson, 1981; Spears & Singh, 2004).Creative execution in advertising is therefore not merely stylistic but strategic, capable of producing deeper message processing, stronger recall, reduced resistance to persuasion, and more positive consumer attitudes (Sameti & Khalili, 2017).
[bookmark: _Toc229655665][bookmark: _Toc230199614] Hypothesis
[bookmark: _Toc230199615]Overview of the Conceptual Model
The conceptual model examines how a brand's explicit positioning in relation to Artificial Intelligence, whether AI-free or AI-first, influences two interrelated consumer outcomes: attitude toward the brand and purchase intention. Brand authenticity is proposed as the mediator, functioning as the psychological pathway through which AI positioning exerts its influence. Algorithm aversion operates as a moderator, shaping the strength of the relationship such that consumers with higher inherent resistance to algorithmic involvement are expected to respond more strongly to the positioning signal (Figure 1).
[bookmark: _Toc230199616]Justification of the Independent Variables
The independent variable is brand AI positioning, operationalized as a binary contrast between AI-free and AI-first conditions. This was selected for three reasons. First, generative AI has shifted from a backend operational tool to a front-facing creative instrument shaping brand identity (Khokhar & Chitsimran, 2019; Indrawan et al., 2024), with industry leaders such as Coca-Cola and Burger King normalizing AI-first positioning (Coca-Cola, 2026; Burger King Brazil, 2026). Second, the binary structure maximizes conceptual clarity and experimental sensitivity: positioning theory establishes that brands are evaluated relative to one another (Rosenbaum-Elliott et al., 2018), and contrasting two diametrically opposed positions isolates the effect of AI disclosure free from intermediate noise. Third, signalling theory validates the choice: in conditions of information asymmetry, explicit positioning statements function as signals that reduce uncertainty and shape perceptions of quality, sincerity, and trustworthiness (Dunham, 2011; Solomon et al., 2016).

The first dependent variable, attitude toward the brand, represents the most immediate psychological response to a positioning stimulus. Brand attitude is a consumer's overall evaluative judgment across cognitive, affective, and behavioural dimensions (Solomon et al., 2016) and is widely recognized as a primary antecedent of purchase intention, brand loyalty, and long-term consumer-brand relationships (Södergren, 2021). Brand authenticity theory establishes that attitude is co-constructed through the intersection of communicated values and consumer identity (Portal et al., 2019; Napoli et al., 2014); positioning that triggers favourable schema associations improves attitude, while positioning that activates negative schemas deteriorates it. This is especially consequential when attitude serves a value-expressive function, evaluating brands on alignment with consumer self-concept (Solomon et al., 2016).

The second dependent variable, purchase intention, extends the findings into the behavioural domain (Al Hafizi & Ali, 2021; Haro et al., 2020). The consumer behaviour literature consistently documents a gap between attitudinal favourability and actual purchasing behaviour (Solomon et al., 2016), and measuring purchase intention as a distinct variable provides a more stringent test of the positioning strategy's commercial effectiveness. Brand awareness, perceived quality, and brand authenticity all positively influence purchase intention (Shakuntala & Ramantoko, 2023). CSR initiatives share structural similarities with an AI-free stance as both involve ethical commitments and strengthen purchase intention by demonstrating that a brand values something beyond profit (Adhimusandi et al., nd; Mutmainah & Wahidhani, 2024).
[bookmark: _Toc230199617]Hypotheses
[bookmark: _Toc230191638][bookmark: _Toc230199618]The Effect of AI-Free Positioning on Attitude Toward the Brand
Brand attitude is an evaluative response combining the affective and cognitive components of the ABC model (Solomon et al., 2016), with the behavioural component examined separately under H2. It forms in reaction to the cues a brand provides about itself (Solomon et al., 2016). When consumers face an unfamiliar brand without functional product information, the positioning statement becomes the dominant signal shaping evaluation, and affect precedes cognition in driving that response (Dunham, 2011; Zajonc, 1980, in Rosenbaum-Elliott et al., 2018). An AI-first statement is therefore expected to elicit an immediate negative reaction, as AI-positioned content carries weaker emotional resonance (Hussain, 2024; Heimstad et al., 2025) and activates pre-existing schemas of artificiality and ethical ambiguity (Laine et al., 2025). Algorithm aversion moderates this effect, intensifying both the AI-first negativity and the AI-free advantage (Dietvorst et al., 2014; Morewedge, 2022).

Hypothesis 1 (H1) : A brand that positions itself as AI-free, as opposed to AI-first, elicits a more positive consumer attitude toward the brand.
[bookmark: _Toc230191639][bookmark: _Toc230199619]The Mediating Role of Brand Authenticity on Attitude Toward the Brand
While H1 predicts the direction of the main effect, it does not explain the psychological mechanism through which AI positioning produces its influence. H1b proposes brand authenticity as the mediating variable.
Brand authenticity was selected as the mediator for three reasons. First, it represents the most direct perceptual consequence of an AI-free positioning signal. Authenticity is co-constructed at the intersection of communicated values and consumer identity (Portal et al., 2019; Napoli et al., 2014), and an AI-free statement, by foregrounding human creative involvement, maps directly onto the heritage and sincerity dimensions of authenticity (path A of the mediation chain).

Second, the link between authenticity and attitude is well established. When consumers perceive a brand as authentic, the result is more favourable overall evaluation, stronger affective engagement, and heightened connection with the brand's identity (Södergren, 2021; Solomon et al., 2016), particularly when authenticity performs a value-expressive function (path B of the chain).

Third, authenticity provides a theoretically coherent explanation for why the attitudinal effect should be durable rather than superficial. Unlike a fleeting affective reaction, an authenticity evaluation is grounded in the consumer's deeper value system and identity project, making it a more robust driver of attitude formation (Napoli et al., 2014; Portal et al., 2019).

H1b: The effect of AI-free versus AI-first brand positioning on consumer attitude toward the brand is mediated by perceived brand authenticity, whereby AI-free positioning increases perceived authenticity (path A), which in turn produces a more positive brand attitude (path B).
[bookmark: _Toc230191640][bookmark: _Toc230199620]The Effect of AI-Free Positioning on Purchase Intention
Purchase intention is a consumer's commitment to acquire a product following exposure to a stimulus, formed through evaluation of brand-level cues such as quality, reputation, and trust, it also operates as the behavioural component of the ABC model (Al Hafizi & Ali, 2021; Shakuntala & Ramantoko, 2023; Solomon et al., 2016). For an unfamiliar brand without prior associations, the positioning statement substitutes for these conventional cues and functions as a trust signal in a high-uncertainty purchase context (Rosenbaum-Elliott et al., 2018). AI-first positioning is therefore expected to depress purchase intention, consistent with evidence that consumers are less willing to transact with AI-associated offerings in experience-related product categories (Xie et al., 2022). The attitude-behaviour gap (Solomon et al., 2016) suggests this effect may be smaller than for brand attitude, while algorithm aversion is expected to moderate the relationship (Morewedge, 2022).

H2: A brand that positions itself as AI-free, as opposed to AI-first, elicits a higher intention to purchase.
[bookmark: _Toc230191641][bookmark: _Toc230199621]The Mediating Role of Brand Authenticity on Purchase Intention
Consistent with H1b, brand authenticity is also expected to mediate the relationship between AI positioning and purchase intention. The perceptual elevation of authenticity triggered by AI-free positioning does not merely improve how consumers feel about a brand; it produces concrete behavioural consequences. Consumers who perceive a brand as authentic are more likely to translate that perception into willingness to purchase, as authenticity fosters the trust and value alignment prerequisite to a purchasing commitment (Södergren, 2021; Solomon et al., 2016).

This mediated pathway follows the same two-step logic as H1b. In path A, AI-free positioning elevates perceived authenticity by signalling human creative involvement, transparency, and ethical commitment (Portal et al., 2019; Napoli et al., 2014). In path B, elevated authenticity translates into higher purchase intention. The mechanism is further supported by the observation that CSR initiatives, which like AI-free positioning function as ethical brand commitments, strengthen purchase intention by enhancing perceptions of sincerity and trustworthiness (Adhimusandi et al., nd; Mutmainah & Wahidhani, 2024). AI-free positioning operates as a functionally analogous signal through the same authenticity mechanism.
A consumer may, for instance, consciously acknowledge that an AI-generated advertisement is technically proficient yet still experience reduced willingness to purchase because the AI-first signal has diminished their perception of authenticity and, by extension, trust. This dissociation between technical evaluation and behavioural intention is consistent with the documented gap between attitude and purchase behaviour (Solomon et al., 2016).

H2b: The effect of AI-free versus AI-first brand positioning on purchase intention is mediated by perceived brand authenticity, whereby AI-free positioning increases perceived authenticity (path A), which in turn elevates purchase intention (path B).
[bookmark: _Toc229655666][bookmark: _Toc230199622]Methodology
[bookmark: _Toc230199623]Research design
This study adopts an experimental quantitative research design, administered through a structured online survey using Qualtrics. A quantitative approach was selected because it provides the framework required to systematically test the study's four hypotheses (H1, H1b, H2, H2b) and to measure causal relationships between variables (GCU, 2021; Leard, n.d.). Each hypothesis is testable, falsifiable, and supported by appropriate controls that eliminate alternative explanations (Toronto University, 2021). A qualitative approach was rejected because the research objectives require statistically generalisable findings capable of confirming or refuting predicted causal relationships, an outcome that interview-based or interpretive methods are not designed to produce (NNLM, 2021). Microsoft PowerPoint was used to construct Figure 1, the visual representation of the conceptual model presented in Section 3.1. The figure displays the relationship between the independent variable (brand AI positioning), the mediator (brand authenticity), the moderator (algorithm aversion), and the dependent variables (brand attitude and purchase intention), alongside the four hypotheses. PowerPoint was used only for visual construction; no analytical functions of the software were employed.

The primary objective of an experimental design is to investigate cause-and-effect relationships between independent and dependent variables (National University, 2026). In this study, the independent variable is brand AI positioning, operationalised as a binary contrast between an AI-free and an AI-first brand stance. The dependent variables are brand attitude and purchase intention. Brand authenticity is the mediator and algorithm aversion the moderator. To minimise bias and ensure internal validity, the experiment employs a randomised between-subjects design in which each respondent is exposed to only one of the two positioning conditions (Drummond & Murphy-Reyes, 2018).

Prior to constructing the survey, an operationalization table was developed to translate the study's abstract theoretical concepts into observable, measurable variables (Lewis-Beck et al., 2004; Nedon, 2015). This process involved assigning theoretical terms to abstract ideas and specifying the procedures used to measure each construct, outputs known as measurement items (Lewis-Beck et al., 2004; Nedon, 2015; Roskam, 1989). All constructs identified in the theoretical framework were operationalized to inform the creation of precise survey questions and ensure objectivity in the interpretation of results. The full operationalization table is presented in Section 4.4.

Qualtrics was selected as the survey platform for its features suited to experimental research, including customisable question types, block randomisation central to the between-subjects design, and direct export of response data in SPSS format (NCSU, 2025). Prior to distribution, the survey was reviewed by peers to identify errors or ambiguities. Data were analysed using IBM SPSS for its capacity to perform the inferential procedures required by the analytical strategy, including independent samples t-tests, chi-square tests, bootstrapped mediation analyses via the PROCESS macro (Hayes, 2022), and moderation analyses with Johnson-Neyman probing (IBM, 2024).

A note on sourcing is warranted. The theoretical framework draws exclusively on peer-reviewed scholarship. Sources outside this category appear predominantly in the introduction and methodology chapters and serve a precisely bounded function: to define specific operational concepts (e.g., the AI-first company definition from Harvard Business School) or to document empirical industry trends for which no equivalent peer-reviewed literature yet exists. This reflects the recency of the phenomena under investigation rather than a compromise of academic standards.
[bookmark: _Toc230199624]Experimental stimuli
The following are the two conditions used in the questionnaire. Respondents read only one of each and responded accordingly. AI-free positioning is Condition A; AI-first positioning is Condition B.

Condition A: ROY SUNGLASSES, Crafted by Human Hands, Designed by Human Eyes.
“At Roy Sunglasses, we do not use artificial intelligence. Not in our design process, not in our campaigns, not in a single image or line of copy we put into the world. This is a deliberate choice, and it defines everything we do. Design at Roy begins the way it always has, with a person sitting at a desk, holding a pencil, looking at the world and trying to make sense of what they see. Our campaigns are shot by photographers on location. Our copy is written by writers who wear sunglasses, squint in the sun, and know what it actually feels like to look for the perfect pair. Every visual that carries the Roy name was made by a human being, with human judgment, in real time and real light. We made this choice because we believe that the objects people wear on their faces deserve to come from somewhere real. That a brand asking for your trust should be willing to show you exactly how it works. That craft is not a marketing word, it is a standard that has to be maintained every day, in every decision, by actual people who are accountable for what they make. There are faster ways to build a brand. We are not interested in them. Roy Sunglasses is human-made, in every image, every campaign, every word. Entirely, unapologetically, and by design.”

Condition B: ROY SUNGLASSES, Engineered by Intelligence, Designed for the Future.
“At Roy Sunglasses, artificial intelligence is our primary creative tool. Every image we publish, every campaign we run, every piece of copy attached to our brand is generated by AI. This is a deliberate choice, and it defines everything we do. We did not arrive at this position accidentally. We made it because we believe that the boundaries of what is visually possible have not yet been reached and that generative AI is the instrument most capable of taking us there. Where a human designer works within the limits of what they have seen and learned, our AI creative system explores a design space with no such boundaries. It generates aesthetic territory that could not otherwise exist. Our campaigns are not shot on location. They are not written by copywriters or photographed by photographers. They are built by AI models trained to capture and extend the visual identity of Roy faster, more freely, and at a scale that no human team could match. We are transparent about this because we believe it is the future of brand creativity, and we are proud to be building it now. There are more traditional ways to build a brand. We are not interested in them. Roy Sunglasses is AI-first in every image, every campaign, every word. Entirely, unapologetically, and by design.”

Both conditions are complete opposites, with straightforward and clear messaging so respondents can easily identify how each brand operates. Other than the difference in positioning toward asset production, the brand's attributes are kept constant since both still produce sunglasses. Only the positioning message was created for this experiment, as the goal of the study is to focus solely on positioning. A visualization in the form of an ad, logo, or poster would have helped respondents visualize the fictional company but was not produced due to lack of resources.
[bookmark: _Toc230199625]Sample and recruitment
The target sample was set at a minimum of 200 participants drawn from the general adult consumer population. The only inclusion criterion was age, with participation restricted to individuals aged 18 and above, in accordance with informed consent ethics. No further restrictions were imposed regarding nationality, cultural background, education, or occupation. Because the study investigates general consumer attitudes toward AI-free brand positioning, a phenomenon not confined to any specific demographic, restricting the sample would have artificially limited generalizability.

The minimum target of 200 was determined through two complementary justifications. A statistical power analysis using G*Power 3 (Faul et al., 2007) was conducted for an independent samples t-test, assuming a medium effect size (Cohen's d = 0.50), a significance level of α = .05, and a desired power of .80. The analysis indicated a requirement of approximately 64 participants per condition, or 128 total. A target of 100 per condition was set to comfortably exceed this threshold. Second, the analytical strategy includes a bootstrapped mediation analysis via Hayes' PROCESS macro-Model 4 (Hayes, 2022), which is sensitive to sample size; the methodological literature recommends a minimum of 200 cases for stable indirect effect estimates and narrow confidence intervals. Targeting 200 also built in a buffer against data loss from failed attention checks and incomplete responses.

The data collection strategy used a convenience and snowball sampling approach (Parker et al., 2019). The survey was distributed across diverse digital touchpoints, including social media platforms, professional networks, and specialized online forums. Convenience sampling is widely adopted in experimental consumer research when random probability sampling from the general population is logistically unfeasible (Andrade, 2021). Because participants were randomly assigned to experimental conditions within the sample via Qualtrics, the internal validity of the study is preserved even in the absence of a probability-based sample (Shadish et al., 2002). The trade-off between internal and external validity is acknowledged as a limitation in the discussion chapter.

Snowball sampling extended the reach of this approach by leveraging the networks of initial respondents, who were invited to forward the survey to family and older colleagues to broaden demographic composition (Parker and Scott, 2019). This was particularly valuable given that digital distribution was expected to skew toward younger demographics. To mitigate this bias, the survey was distributed across varied interest-based communities rather than exclusively in student or technology-adjacent spaces. Physical fliers with a QR code linking to the survey were distributed across university campuses and public events, widening respondent access among individuals less likely to encounter the survey through social media. The survey was also translated into Spanish and Portuguese to extend accessibility to non-English-speaking populations. Qualtrics automatically distributed respondents evenly across conditions to maintain balance.

To ensure data quality, response filters were applied before analysis. Respondents who spent fewer than ten seconds on the scenario page were disqualified, as such response time is insufficient to engage meaningfully with the experimental stimulus. Participants who failed the embedded attention check (ATTN1) or did not complete the survey were also excluded.

The survey did not reach the original target of 200 respondents. A total of 160 responses were collected, of which 138 were retained after quality filters (n = 71 in the AI-first condition, n = 67 in the AI-free condition). While this falls short of the 200-case threshold ideal for bootstrapped mediation, the retained sample comfortably exceeds the minimum requirement of 128 cases identified through the G*Power analysis for detecting a medium effect at .80 power. Moreover, the actual effect sizes observed (Cohen's d = 1.14 to 1.39) are substantially larger than the medium effect assumed in the a priori power calculation, meaning the achieved sample of 138 provides more than adequate statistical power. The implications of the reduced sample size for the precision of mediation estimates and generalizability are addressed in the limitations chapter.
[bookmark: _Toc230199626]Measures
The following table presents the operationalization constructed for this study's questionnaire. Operationalization turns abstract concepts into measurable observations, reducing subjectivity and increasing study reliability (Bhandari, 2022). Where validated scales existed in the literature, they were adopted or adapted; given that scale development is both time-consuming and costly, using an existing appropriate instrument is typically more practical (Stefana et al., 2025). Where no established scale was available, custom items were developed in line with the theoretical definitions established in the framework. The operational definition ensures distinctiveness, measurability, and psychological relevance of each construct, and directs both item development and the type of statistical analysis used (Stefana et al., 2025). Appendix 1 presents all survey items as administered, alongside question codes and response format.


	Construct
	Variable Type
	Theoretical Source
	Scale / Measurement Source

	Brand AI Positioning
	IV
 (Between-Subjects
 Experimental
 Manipulation)
	Positioning theory
 (Armstrong et al., 2019;
 Rosenbaum-Elliott et al., 2018)

 Signaling theory
 (Dunham, 2011;
 Solomon et al., 2016)
	Experimental text vignette.
 Adapted from Heimstad et al.
 (2025) and Xie et al. (2022).
 Randomly assigned via Qualtrics
 block randomisation (50/50 split).

	Manipulation
 Check
	Manipulation
 Check
	Standard experimental methodology
 (Drummond &
 Murphy-Reyes, 2018)
	Custom recall items +
 attention filter.
 Standard practice in
 between-subjects design.

	Brand
 Authenticity
 — Heritage
	Mediator
 Dimension 1
 of 3
	Napoli et al. (2014);
 Portal et al. (2019);
 Södergren (2021);
 Rosenbaum-Elliott
 et al. (2018)
	Napoli et al. (2014)
Brand Authenticity Scale (BAS)
Heritage sub-scale — 3 items.
 
Codes: BA-H1, BA-H2, BA-H3

	Brand
 Authenticity
 — Sincerity
	Mediator
 Dimension 2
 of 3
	Napoli et al. (2014);
 Portal et al. (2019);
 Södergren (2021);
 Solomon et al. (2016)
	Napoli et al. (2014)
Brand Authenticity Scale (BAS)
Sincerity sub-scale — 3 items.
 
Codes: BA-S1, BA-S2, BA-S3

	Brand
 Authenticity
 — Quality
 Commitment
	Mediator
 Dimension 3
 of 3
	Napoli et al. (2014);
 Södergren (2021);
 Solomon et al. (2016)
	Napoli et al. (2014)
Brand Authenticity Scale (BAS)
Quality Commitment sub-scale — 3 items.
 
Codes: BA-Q1, BA-Q2, BA-Q3

	Algorithm
 Aversion
	Moderator
 (boundary
 condition)
	Dietvorst et al. (2014);
 Jussupow et al.
 (2020; 2024);
 Morewedge (2022);
 Xie et al. (2022);
 Kim et al. (2025)
	Adapted from:
Jussupow et al. (2020)
 Algorithm Aversion Scale
Schepman & Rodway (2024) GAAIS
 — negative subscale
 6 items at brand-identity level.
 AA5 & AA6 are reverse-coded
 to reduce acquiescence bias
 and capture AI appreciation
 (Kim et al., 2025).
 Codes: AA1–AA4 (standard),
 AA5–AA6 (reverse-coded)

	Brand
 Attitude
 — Affect
 (ABC Model)
	DV1-A
	Solomon et al. (2016)
 — ABC model;
 Hussain (2024);
 Zajonc (1980) in
 Rosenbaum-Elliott
 et al. (2018)
	Mitchell & Olson (1981)
Brand attitude semantic
 differential scale — 3 items.
 
Codes: ATT-A1, ATT-A2,
 ATT-A3

	Brand
 Attitude
 — Cognition
 (ABC Model)
	DV1-B
	Solomon et al. (2016)
 — ABC model;
 Armstrong et al.
 (2019);
 Hussain (2024)
	Spears & Singh (2004)
Brand attitude scale
 (cognitive items) — 3 items.
 Codes: ATT-C1, ATT-C2,
 ATT-C3

	Purchase
 Intention
	DV2
	Al Hafizi & Ali
 (2021);
 Haro et al. (2020);
 Mutmainah &
 Wahidhani (2024);
 Armstrong et al.
 (2019)
	Dodds et al. (1991) &
Spears & Singh (2004)
Purchase intention
 scale — 4 items.
Codes: PINT1, PINT2,
 PINT3, PINT4

	Willingness
 to Pay
 (WTP)
	DV2-B
 (Exploratory)
	Sharp & Dawes
 (2001) — POD;
 Armstrong et al.
 (2019)
	Price Anchor + Maximum WTP
Two-item approach:
(1) Binary purchase decision
 at a fixed anchor price
 (USD 100).
(2) Open-ended maximum
 WTP entry.
 Codes: WTP1, WTP2

	General AI
 Attitude
 (Pre-stimulus)
	Control /
 Covariate
 (pre-stimulus)
	Schepman &
 Rodway (2025)
 — GAAIS;
 Solomon et al.
 (2016);
 Uruci (2025)
	Schepman & Rodway (2024)
General Attitudes towards AI
 Scale (GAAIS)
Positive sub-scale (2 items)
 + Negative sub-scale
 (2 items) = 4 items total.
 Codes: GAI1, GAI2,
 GAI3, GAI4

	AI Familiarity /
 Prior AI Usage
	Control /
 Covariate
	Kim et al. (2025);
 Morewedge (2022);
 Jussupow et al.
 (2024)
	Custom 2-item scale
Usage frequency (ordinal) +
 self-rated familiarity
 (7-point).
 Codes: FAM1, FAM2

	Ethical / CSR
 Orientation
	Control /
 Covariate
	Solomon et al.
 (2016);
 Adhimusandi et al.
 (n.d);
 Mutmainah &
 Wahidhani (2024);
 Armstrong et al.
 (2019)
	Custom 3-item scale
Adapted from Becker-Olsen
 et al. (2006) CSR fit
 literature.
 Codes: CSR1, CSR2, CSR3

	Age
	Demographic
	Sample description
 (Section 4.3)
	Single-item custom question.

	Gender
	Demographic
	Sample description
 (Section 4.3)
	Single-item custom question.

	Education Level
	Demographic
	Sample description
 (Section 4.3)
	Single-item custom question.

	Country of
 Residence
	Demographic
	Sample description
 (Section 4.3)
	Single-item custom question.


[bookmark: _Toc229933271][bookmark: _Toc230184136]Table 1 Operationalization Table (Source: own)
[bookmark: _Toc230199627]Analytical Strategy
[bookmark: _Toc229655667]All data collected through Qualtrics were exported into IBM SPSS for analysis. Following data cleaning (Section 4.3), reliability analyses were conducted for every multi-item scale prior to hypothesis testing. Cronbach's α was computed for all three sub-scales of brand authenticity, the algorithm aversion scale (following reverse coding of Algorithm Aversion questions 5 and 6), the affective and cognitive dimensions of brand attitude, the purchase intention scale, and the CSR orientation covariate. A value of .70 or above was adopted as the minimum acceptable threshold for internal consistency (Heale & Twycross, 2015). Exploratory factor analyses confirmed one-dimensionality before composite scores were computed. Descriptive statistics and crosstabulations across experimental conditions were then examined to verify that random assignment produced balanced groups.
An independent samples t-test on the seven manipulation check items (MC1 to MC7) verified that the positioning stimulus was perceived as intended before hypothesis testing proceeded. To test H1 and H2, independent samples t-tests compared the two conditions on the composite brand attitude score and the composite purchase intention score. Statistical significance was evaluated at α = .05, with Cohen's d as the effect size measure (Cohen, 1988).
H1b and H2b were tested using bootstrapped mediation analyses via Hayes' PROCESS macro-Model 4 (Hayes, 2022) with 5,000 resamples and 95% bias-corrected confidence intervals. The independent variable was dummy-coded (0 = AI-first, 1 = AI-free), and brand authenticity was entered as the mediator. Each dependent variable was tested in a separate model. Mediation is supported when the confidence interval for the indirect effect does not include zero (Hayes, 2022). Reported parameters include the total effect (c), the IV-to-mediator effect (a), the mediator-to-DV effect (b), the direct effect (c′), and the bootstrapped indirect effect.
The moderating role of algorithm aversion was tested using PROCESS Model 1, with positioning as the focal predictor and algorithm aversion as the moderator on each dependent variable. The interaction term (Independent Variable x Algorithm Aversion) was tested for significance, ΔR² reported, and conditional effects computed at the 16th, 50th, and 84th percentiles. The Johnson-Neyman technique identified threshold values at which the AI-free advantage becomes statistically significant.
Willingness to pay was examined exploratorily: a chi-square test compared binary purchase decisions across conditions, while a t-test and Mann-Whitney U test compared maximum WTP, with the non-parametric test included due to mild positive skew. Robustness was assessed against psychographic covariates (corporate social responsibility orientation covariate, positive and negative AI attitudes from Schepman & Rodway, 2024) and demographic covariates (age, gender, education). Both mediation models were rerun with each set, and Pearson correlations among all main variables verified the conceptual model and confirmed that the moderator was distributed evenly across conditions.
[bookmark: _Toc230199628]Results
[bookmark: _Toc230199629]Overview
This chapter presents the results of the experimental study. It first describes the analytical sample and confirms the psychometric integrity of the measurement instruments, then verifies that the experimental manipulation operated as intended, before testing the four hypotheses in sequence: the main effects of AI positioning on brand attitude (H1) and purchase intention (H2), the mediating role of brand authenticity (H1b, H2b), and the moderating role of algorithm aversion. Two exploratory behavioural measures, binary purchase decision and maximum willingness-to-pay, extend the findings into the commercial domain. Robustness checks against psychographic and demographic covariates close the chapter.

For clarity, the following abbreviations are used: IV refers to brand AI positioning, dummy-coded as 0 = AI-first and 1 = AI-free; BA_all refers to the composite brand authenticity score (mean of heritage, sincerity, quality commitment); ATT_all refers to the composite brand attitude score (mean of the affective and cognitive sub-dimensions); PINT refers to the four-item purchase intention scale; AA refers to the algorithm aversion scale; CSR refers to the corporate social responsibility orientation covariate; and GAI_pos and GAI_neg refer to the positive and negative subscales of the General Attitudes towards AI Scale (Schepman & Rodway, 2024). All scales were measured on 7-point Likert formats unless otherwise noted.
[bookmark: _Toc230199630]Sample Characteristics
A total of 160 responses were collected through the online questionnaire. Following pre-registered quality filters (exclusion of incomplete responses, failed attention checks, and respondents who spent fewer than ten seconds on the scenario page), the final analytical sample comprised 138 valid cases. Random assignment via Qualtrics produced near-balanced groups: 71 respondents (51.4%) in the AI-first condition and 67 (48.6%) in the AI-free condition.

The sample skewed toward young adults, with 55.1% aged 18 to 24, 25.4% aged 25 to 44, 15.9% aged 45 to 64, and 3.6% aged 65 or above. Female respondents accounted for 64.5%, male respondents for 33.3%. Educational attainment ranged from secondary school (44.9%) through bachelor's (29.0%) and master's degrees (15.2%) to doctoral and professional qualifications (10.1% combined). Engagement with generative AI was substantial: 63.0% reported using AI tools frequently or daily. Respondents resided across 17 countries, with the largest contingents in Switzerland (51.4%) and Brazil (16.7%), reflecting the researcher's primary distribution channels. The full demographic profile is provided in Appendix 13, country distribution in Appendix 15.

Crosstabulations across conditions (Appendix 14) confirmed that random assignment produced largely balanced groups on age, gender, and AI familiarity. Two minor imbalances emerged: doctoral and professional qualification holders were more concentrated in the AI-free condition, and the AI-free group reported marginally higher daily AI usage. Education, AI usage, and AI familiarity were therefore retained as covariates in the robustness analyses reported in Section 5.9.
[bookmark: _Toc230199631]Scale Reliability and Validity
Internal consistency was assessed for all multi-item scales prior to hypothesis testing. Cronbach's α was computed for each construct, with values of .70 and above treated as acceptable (Heale & Twycross, 2015). All scales comfortably exceeded this threshold, with α coefficients ranging from .83 to .95. Exploratory factor analysis confirmed one-dimensionality across all constructs, with single factors explaining between 59.4% and 89.3% of item variance. Table 2 summarises the reliability and dimensionality of each scale.

	Construct
	# items
	Source
	M
	SD
	α
	Variance explained
	

	Algorithm Aversion
	6
	Jussupow et al. (2020); Schepman & Rodway (2024)
	5.27
	1.27
	.86
	59.4%
	

	Brand Authenticity – Heritage
	3
	Napoli et al. (2014)
	3.82
	1.86
	.91
	82.1%
	

	Brand Authenticity – Sincerity
	3
	Napoli et al. (2014)
	5.59
	1.10
	.83
	73.5%
	

	Brand Authenticity – Quality
	3
	Napoli et al. (2014)
	4.63
	1.65
	.89
	82.1%
	

	Brand Attitude – Affect
	3
	Mitchell & Olson (1981)
	4.34
	1.60
	.94
	89.3%
	

	Brand Attitude – Cognition
	3
	Spears & Singh (2004)
	4.55
	1.43
	.93
	88.0%
	

	Purchase Intention
	4
	Dodds et al. (1991); Spears & Singh (2004)
	3.49
	1.61
	.95
	86.6%
	

	CSR Orientation
	3
	Becker-Olsen et al. (2006)
	5.83
	1.13
	.92
	86.1%
	


[bookmark: _Toc229933272][bookmark: _Toc230184137]Table 2 Reliability and dimensionality of measurement scales (Source: own)
Two second-order composites were computed for use in hypothesis testing: Brand Authenticity Overall (BA_all; M = 4.68, SD = 1.23), the mean of the heritage, sincerity, and quality sub-scales, and Brand Attitude Overall (ATT_all; M = 4.44, SD = 1.44), the mean of the affective and cognitive sub-scales.
[bookmark: _Toc230199632]Manipulation Check
To verify that the experimental positioning was perceived as intended, an independent samples t-test was conducted on all seven manipulation check items (Q5.2_1 to Q5.2_7). All seven items differed significantly between conditions in the predicted directions (all p < .001), with effect sizes ranging from very large to exceptional (Cohen's d = 1.90 to 4.06). The strongest contrast emerged on the most direct recall item: AI-first respondents strongly agreed that "Roy Sunglasses uses artificial intelligence in its creative work" (M = 6.51, SD = 1.04), while AI-free respondents strongly disagreed (M = 1.64, SD = 1.35), t(136) = 23.85, p < .001, d = 4.06. The reverse pattern held for human craftsmanship (t(136) = −16.52, p < .001, d = −2.81). Full results are presented in Appendix 16. These findings confirm the positioning manipulation was understood as intended.
[bookmark: _Toc230199633]Main Effects: H1 and H2
H1 predicted that AI-free positioning would elicit more positive consumer attitudes than AI-first positioning. The result strongly supported H1. Respondents in the AI-free condition reported significantly more positive brand attitudes (M = 5.29, SD = 0.93) than those in the AI-first condition (M = 3.61, SD = 1.38), t(136) = 8.17, p < .001, with a very large effect size (Cohen's d = 1.39).

H2 predicted the same advantage on purchase intention. AI-free respondents reported significantly higher purchase intention (M = 4.31, SD = 1.25) than AI-first respondents (M = 2.72, SD = 1.54), t(136) = 6.66, p < .001, Cohen's d = 1.14. The AI-first mean fell below the scale midpoint of 4.0, indicating respondents in this condition were not merely less enthusiastic but actively disinclined toward purchase. H2 was therefore strongly supported.




	Hypothesis
	DV
	M (AI-first, n=71)
	SD
	M (AI-free, n=67)
	SD2
	t(136)
	p

	H1
	Brand Attitude (ATT_overall)
	3.61
	1.38
	5.29
	0.93
	8.17
	<.001

	H2
	Purchase Intention (PINT)
	2.72
	1.54
	4.31
	1.25
	6.66
	<.001


[bookmark: _Toc229933273][bookmark: _Toc230184138]Table 3 Main effects of AI positioning on brand attitude and purchase intention (Source: own)
[bookmark: _Toc230199634]Mediation Analyses: H1b and H2b
Two bootstrapped mediation analyses were conducted using PROCESS Model 4 (Hayes, 2022), with 5,000 bootstrap samples and 95% bias-corrected confidence intervals. The independent variable was dummy-coded (0 = AI-first, 1 = AI-free), and brand authenticity (BA_all) was entered as the mediator.

The H1b analysis strongly supported mediation. AI-free positioning significantly increased perceived brand authenticity (path a: b = 1.47, SE = 0.17, p < .001), which in turn predicted more positive brand attitudes (path b: b = 0.91, SE = 0.07, p < .001). The total effect of positioning on brand attitude (path c: b = 1.65, p < .001) became non-significant when brand authenticity was included as a mediator (path c′: b = 0.30, p = .070), indicating full mediation. The bootstrapped indirect effect was significant (b = 1.34, SE = 0.16, 95% CI [1.03, 1.67]), with brand authenticity accounting for approximately 81.5% of the total effect.

	Path
	Description
	Coefficient
	SE
	p
	95% CI

	a
	IV - BA_all
	1.474
	.167
	<.001
	[1.143, 1.804]

	b
	BA_all - ATT_all (controlling IV)
	0.912
	.068
	<.001
	[.777, 1.047]

	c
	IV - ATT_all (total effect)
	1.648
	.202
	<.001
	[1.249, 2.047]

	c′
	IV - ATT_all (direct, controlling BA_all)
	0.304
	.166
	.070
	[−.025, .633]

	ab
	Indirect effect (bootstrapped)
	1.344
	.164
	—
	[1.034, 1.673]


[bookmark: _Toc229933274][bookmark: _Toc230184139]Table 4 Mediation analysis for H1b: brand authenticity mediates IV - ATT_all (Source: own)
The H2b analysis extended the same logic to the behavioural domain. AI-free positioning significantly increased perceived brand authenticity (path a: b = 1.47, SE = 0.17, p < .001), which in turn predicted higher purchase intention (path b: b = 0.89, SE = 0.10, p < .001). The total effect (path c: b = 1.59, p < .001) became non-significant once the mediator was included (path c′: b = 0.28, p = .242), again indicating full mediation. The bootstrapped indirect effect was significant (b = 1.32, SE = 0.19, 95% CI [0.98, 1.69]), with brand authenticity accounting for approximately 82.7% of the total effect.

	Path
	Description
	Coefficient
	SE
	p
	95% CI

	a
	IV - BA_all
	1.474
	.167
	<.001
	[1.143, 1.804]

	b
	BA_all - PINT (controlling IV)
	0.893
	.096
	<.001
	[.703, 1.083]

	c
	IV - PINT (total effect)
	1.592
	.239
	<.001
	[1.119, 2.064]

	c′
	IV - PINT (direct, controlling BA_all)
	0.276
	.235
	.242
	[−.188, .740]

	ab
	Indirect effect (bootstrapped)
	1.316
	.185
	—
	[0.977, 1.687]


[bookmark: _Toc229933275][bookmark: _Toc230184140]Table 5 Mediation analysis for H2b: brand authenticity mediates IV - PINT (Source: own)
Taken together, the two mediations identify brand authenticity as the principal mechanism: in both models, authenticity accounts for over 80% of the total effect, and the direct path from positioning to outcome is reduced to non-significance once authenticity is included.
[bookmark: _Toc230199635]Moderation Analyses: Algorithm Aversion as Boundary Condition
Two moderation analyses were conducted using PROCESS Model 1, with positioning (IV) as the focal predictor and algorithm aversion as the moderator. For brand attitude (ATT_all), the model explained 50.9% of the variance (R² = .51, F(3, 134) = 46.25, p < .001), and the interaction term was statistically significant (b = 0.77, SE = 0.14, p < .001, ΔR² = .11).




	Predictor
	b
	SE
	t
	p
	95% CI

	Constant
	4.516
	.088
	51.33
	<.001
	[4.342, 4.690]

	IV (positioning)
	1.543
	.176
	8.76
	<.001
	[1.195, 1.891]

	AA (algorithm aversion)
	−0.293
	.070
	−4.20
	<.001
	[−.431, −.155]

	IV × AA (interaction)
	0.773
	.140
	5.53
	<.001
	[.497, 1.050]

	Model: R² = .509, F(3, 134) = 46.25, p < .001
	
	
	

	Interaction ΔR² = .112, F(1, 134) = 30.62, p < .001
	
	
	


[bookmark: _Toc229933276][bookmark: _Toc230184141]Table 6 Moderation analysis: algorithm aversion moderates the effect of AI positioning on brand attitude (Source: own)
Conditional effects analysis revealed that the AI-free advantage on brand attitude was modest at low levels of algorithm aversion, substantial at the mean, and very large at high levels. The Johnson-Neyman technique identified that the AI-free advantage becomes significantly positive above an algorithm aversion value of approximately 3.93, encompassing 87% of the sample. Below an algorithm aversion of 2.04 (only 2% of the sample), AI-free positioning produced significantly more negative attitudes than AI-first.

	Algorithm aversion level
	Effect of AI-free positioning on attitude
	SE
	p
	95% CI

	Low (16th percentile)
	0.623
	.241
	.011
	[0.147, 1.099]

	Medium (50th percentile)
	1.657
	.178
	<.001
	[1.306, 2.008]

	High (84th percentile)
	2.623
	.264
	<.001
	[2.100, 3.146]


[bookmark: _Toc229933277][bookmark: _Toc229934715][bookmark: _Toc230184142]Table 7 Conditional effects of AI positioning on brand attitude at three levels of algorithm aversion (Source: own)
A second moderation analysis was conducted with purchase intention (PINT) as the dependent variable. The model explained 53.2% of the variance (R² = .53, F(3, 134) = 50.84, p < .001), and the interaction was again significant and larger in magnitude than for brand attitude (b = 1.18, SE = 0.15, p < .001, ΔR² = .21).

	Predictor
	b
	SE
	t
	p
	95% CI

	Constant
	3.609
	.096
	37.65
	<.001
	[3.420, 3.799]

	IV (positioning)
	1.471
	.192
	7.67
	<.001
	[1.092, 1.851]

	AA (algorithm aversion)
	−0.344
	.076
	−4.53
	<.001
	[−.495, −.194]

	IV × AA (interaction)
	1.184
	.152
	7.77
	<.001
	[.882, 1.485]

	Model: R² = .532, F(3, 134) = 50.84, p < .001
	
	
	
	

	Interaction ΔR² = .211, F(1, 134) = 60.39, p < .001
	
	
	
	


[bookmark: _Toc229933278][bookmark: _Toc230184143]Table 8 Moderation analysis: algorithm aversion moderates the effect of AI positioning on purchase intention (Source: own)
Conditional effects revealed a more pronounced moderation pattern: at low levels of algorithm aversion, AI-free positioning had no significant effect on purchase intention; at the mean, it produced a substantial increase; and at high levels, the effect was very large. The Johnson-Neyman technique identified that the AI-free advantage on purchase intention becomes significant only above an algorithm aversion value of approximately 4.41, encompassing roughly 78% of the sample.

	Algorithm aversion level
	Effect of AI-free positioning on purchase intention
	SE
	p
	95% CI

	Low (16th percentile)
	0.064
	.262
	.808
	[−0.455, 0.583]

	Medium (50th percentile)
	1.646
	.193
	<.001
	[1.263, 2.028]

	High (84th percentile)
	3.125
	.288
	<.001
	[2.555, 3.695]


[bookmark: _Toc229933279][bookmark: _Toc229934717][bookmark: _Toc230184144]Table 9 Conditional effects of AI positioning on purchase intention at three levels of algorithm aversion (Source: own)
The asymmetry between the two dependent variables is theoretically meaningful. The interaction explains nearly twice as much variance in purchase intention (ΔR² = .21) as in brand attitude (ΔR² = .11), and the AI-free advantage on purchase intention disappears entirely at low levels of algorithm aversion. This suggests algorithm aversion functions as a stronger gatekeeper of behavioural intent than of attitudinal evaluation: consumers with little resistance to AI may form a marginally more favourable attitude toward an AI-free brand but do not translate that into willingness to spend.
[bookmark: _Toc230199636]Exploratory Behavioural Measures: Willingness to Pay
Two exploratory measures extended behavioural intent beyond the continuous purchase intention scale: a binary purchase decision at a fixed anchor price of USD 100 (Q11.1) and an open-ended maximum willingness-to-pay entry (Q11.2). A chi-square test on the binary measure revealed a highly significant difference between conditions, χ²(1, N = 138) = 15.24, p < .001. In the AI-first condition, only 28.2% of respondents indicated willingness to purchase at this price, compared to 61.2% in the AI-free condition. AI-free positioning therefore more than doubled the probability of a stated purchase decision at a concrete price point.

	Decision
	AI-first n (%)
	AI-free n (%)
	Total n (%)

	Yes
	20 (28.2%)
	41 (61.2%)
	61 (44.2%)

	No
	51 (71.8%)
	26 (38.8%)
	77 (55.8%)

	Total
	71 (100%)
	67 (100%)
	138 (100%)

	χ²(1) = 15.24, p < .001
	
	
	


[bookmark: _Toc229933280][bookmark: _Toc230184145]Table 10 Willingness to purchase at USD 100 by experimental condition (Source: own)
The continuous WTP measure showed mild positive skew (overall M = $92.43, Mdn = $70.00, SD = $76.36), so both a parametric t-test and a non-parametric Mann-Whitney U test were conducted. AI-free respondents reported a substantially higher mean willingness-to-pay (M = $113.34, SD = $71.12) than AI-first respondents (M = $72.70, SD = $76.35), t(136) = −3.23, p = .002. The non-parametric test confirmed the result (U = 1419, Z = −4.10, p < .001). The mean difference of $40.64 represents a 55.9% price premium attributable to AI-free positioning (95% CI: $15.76–$65.52). 

	Test
	AI-first (n=71)
	AI-free (n=67)
	Test statistic
	p

	Mean WTP (USD)
	$72.70 (SD = $76.35)
	$113.34 (SD = $71.12)
	t(136) = −3.23
	.002

	Mean rank (Mann-Whitney)
	55.99
	83.82
	U = 1419, Z = −4.10
	<.001

	Mean difference
	
	
	$40.64 (95% CI: $15.76 – $65.52)


[bookmark: _Toc229933281][bookmark: _Toc230184146]Table 11 Maximum willingness-to-pay by experimental condition (Source: own)
Notably, the AI-first mean WTP fell below the $100 anchor used in the binary measure, while the AI-free mean exceeded it, providing a direct explanation for the binary decision pattern.
[bookmark: _Toc230199637]Robustness Checks
To assess the robustness of the mediation findings against pre-existing individual differences, both H1b and H2b models were rerun with theoretically relevant covariates. Two sets of controls were specified: a psychographic set (CSR orientation, positive AI attitudes, and negative AI attitudes; Schepman & Rodway, 2024) and a demographic set (age, gender, and education).

Under psychographic controls, the indirect effect through brand authenticity remained statistically significant in both models. For H1b, the indirect effect was b = 1.31 (95% CI [0.99, 1.66]), with authenticity continuing to account for approximately 78% of the total effect; the inclusion of covariates revealed a small additional direct effect (b = 0.37, p = .032), shifting the model from full to partial mediation. For H2b, the indirect effect was b = 1.26, SE = 0.20, 95% CI [0.89, 1.65], and the direct effect remained non-significant (b = 0.39, p = .114), confirming full mediation. Notably, both CSR (b = 0.24, p = .002) and positive AI attitudes (b = 0.17, p = .002) independently predicted brand authenticity in the H2b model, suggesting authenticity functions as a shared mechanism through which several consumer-side variables influence purchase behaviour. Full output is provided in Appendices 17 and 18.

Under demographic controls, neither mediation was sensitive. The indirect effect through brand authenticity remained statistically robust for both outcomes (H1b: b = 1.37, 95% CI [1.03, 1.72]; H2b: b = 1.35, 95% CI [0.99, 1.78]). None of the demographic covariates significantly predicted brand authenticity, brand attitude, or purchase intention (all p > .13), confirming the AI-free advantage operates independently of sample demographic composition. Full output is provided in Appendices 20 and 21.

Bivariate correlations among the main study variables (Appendix 19) further support the proposed conceptual model. Brand AI positioning correlated significantly with brand authenticity (r = .60, p < .001), brand attitude (r = .57, p < .001), and purchase intention (r = .50, p < .001). Brand authenticity in turn showed strong positive correlations with brand attitude (r = .84, p < .001) and purchase intention (r = .73, p < .001), reinforcing its role as a central mediator. Algorithm aversion correlated negatively with brand attitude (r = −.35, p < .001) and purchase intention (r = −.35, p < .001) but was unrelated to the experimental condition (r = −.15, p = .071), confirming the moderator was distributed evenly across conditions and not contaminated by the manipulation.
[bookmark: _Toc229655668][bookmark: _Toc230199638]Discussion
[bookmark: _Toc230199639]Discussion of Findings
This sub-chapter interprets the empirical results presented in Chapter 5 against the theoretical framework developed in Chapter 2. 
[bookmark: _Toc230199640]Hypothesis 1 and 1b: Effect on brand attitude and the mediating role of authenticity
H1 was fully supported. As reported in Table 3, respondents in the AI-free condition formed significantly more positive brand attitudes (M = 5.29, SD = 0.93) than those in the AI-first condition (M = 3.61, SD = 1.38), t(136) = 8.17, p < .001, with a very large effect size of Cohen's d = 1.39. The fuller interpretation is that the AI-free mean sits modestly above the seven-point scale midpoint of 4.0, while the AI-first mean sits clearly below it. AI-free positioning is not generating enthusiasm; it is preserving a default favourable evaluation that AI-first positioning actively destroys. This penalty-versus-baseline pattern recurs throughout the chapter and is consolidated in the end of Section 6.1.

Theoretically, this finding is best explained by the ABC model and the experiential hierarchy of effects (Solomon et al., 2016; Hussain, 2024; Zajonc, 1980, in Rosenbaum-Elliott et al., 2018). In the present study, respondents evaluate a fictitious brand purely through intangible positioning cues, with no product to handle and no prior brand experience. Under exactly these conditions, the experiential hierarchy holds that affect precedes cognition and operates as the primary driver of preference formation (Zajonc, 1980, cited in Rosenbaum-Elliott et al., 2018, p. 46), which is consistent with an attitude effect as large as d = 1.39 emerging from a single positioning paragraph. The ATT_all composite captures both affective and cognitive dimensions (Table 2), so the AI-first penalty operates both as gut emotional reaction and as deliberate belief about brand credibility. Under signalling theory (Dunham, 2011; Solomon et al., 2016), the AI-first signal carries informational content beyond its literal claim, conveying reduced effort and human involvement (Heimstad et al., 2025), and schema theory adds that AI-first activates pre-existing negative schemas around artificiality, ethical ambiguity, and the labour and intellectual-property concerns documented in Section 2.2.

H1b was also fully supported. The bootstrapped indirect effect of AI positioning on brand attitude through perceived brand authenticity was significant (b = 1.344, SE = 0.164, 95% CI [1.034, 1.673]), and the direct effect was reduced to non-significance once authenticity was included (c′ = 0.304, p = .070). Brand authenticity accounted for approximately 81.5% of the total effect, indicating full mediation. The magnitude suggests authenticity is not merely a mechanism but the mechanism: the AI-first penalty is not a generalised dislike of AI but specifically a perception of inauthenticity.

This result is best understood through the two-step co-creative model of brand authenticity (Portal et al., 2019; Napoli et al., 2014). Authenticity is co-constructed at the intersection of brand-communicated values and consumer identity. The full-mediation finding shows this co-constructive process is the site at which AI positioning is converted into evaluation. The AI-free condition supplies all three categories of cue (heritage, sincerity, quality), while the AI-first condition supplies material that consumers cannot integrate into an authentic perception. The result also connects to Södergren's (2021) four C's of authenticity: the AI-free stimulus communicates transparently, signals commitment, positions human craft appositionally against the AI mainstream, and builds connection. The AI-first stimulus hits at most communication and undermines the other three.

The result extends Hussain (2024), who showed AI labelling damages content evaluation, by demonstrating the same mechanism operates at the brand level, a more durable and consequential outcome. It also extends Napoli et al.'s (2014) Brand Authenticity Scale into the AI domain: developed before generative AI reached prominence, the scale remains psychometrically sound (α from .83 to .91) and behaves as theory predicts when the manipulation is AI-related. Finally, the data put a quantitative anchor on a previously theoretical claim that artificiality damages authenticity (Södergren, 2021; Solomon et al., 2016), with authenticity mediating approximately 82% of the positioning effect.
[bookmark: _Toc230199641]Hypothesis 2 and 2b: Effect on purchase intention and the mediating role of authenticity
H2 was fully supported. AI-free respondents reported significantly higher purchase intention (M = 4.31, SD = 1.25) than AI-first respondents (M = 2.72, SD = 1.54, t [136] = 6.66, p < .001, Cohen's d = 1.14). The AI-first mean sits well below scale midpoint, indicating active disinclination rather than mere lack of enthusiasm. The penalty-versus-baseline pattern replicates in the behavioural domain.

The effect size for purchase intention (d = 1.14) is smaller than for brand attitude (d = 1.39), which is theoretically meaningful. The attitude-behaviour gap (Solomon et al., 2016) predicts that intent will be a less complete reflection of an immediate stimulus than attitude, because intent recruits additional cognitive filters. Yet the effect remains very large by Cohen's benchmarks: AI-first positioning damages purchase commitment even after the cognitive filters of behavioural intent are activated. The literature on brand-level antecedents of purchase intention (Shakuntala & Ramantoko, 2023) identifies brand awareness, brand loyalty, and perceived quality as principal drivers. The present study controls all three at effectively zero: the brand is fictitious, respondents have no prior familiarity, and no functional product information is supplied. That purchase intention still moves by more than a full standard deviation indicates positioning is producing the equivalent of these constructs in real time.

H2b was also fully supported, and the mediation is even cleaner than for attitude. The bootstrapped indirect effect was significant (b = 1.316, SE = 0.185, 95% CI [0.977, 1.687]), and the direct effect dropped to clear non-significance once authenticity was included (c′ = 0.276, p = .242). Brand authenticity accounted for approximately 82.7% of the total effect. Across H1b and H2b, the ~82% mediation is unusually consistent, indicating authenticity converts AI positioning into both attitudinal and behavioural outcomes through essentially the same pathway. Authenticity fosters the trust and value alignment prerequisite to a purchasing decision (Södergren, 2021; Solomon et al., 2016), and under signalling theory (Rosenbaum-Elliott et al., 2018), authenticity does the work that trust normally does in higher-perceived-risk contexts, supplying credibility consumers have no other means of obtaining for a fictitious brand.

The robustness analyses produce arguably the most theoretically generative finding in this study. When the H2b mediation was rerun with psychographic covariates, CSR independently predicted brand authenticity (b = 0.24, p = .002), and so did positive AI attitudes (b = 0.17, p = .002), even after the experimental manipulation was controlled for. Authenticity therefore functions not as a positioning-specific or AI-specific mechanism but as a general bottleneck through which multiple ethics-related consumer evaluations flow toward purchase behaviour. An asymmetry between the two mediation models is worth noting: under psychographic controls, H1b shifts from full to partial mediation (c′ becomes marginally significant at b = 0.37, p = .032), while H2b remains fully mediated. Authenticity is therefore an even more complete mechanism for behavioural commitment than for attitudinal evaluation.
[bookmark: _Toc230191662][bookmark: _Toc230199642]The moderating role of algorithm aversion
Both moderation interactions were statistically significant. For brand attitude, the interaction term was b = 0.77, p < .001, ΔR² = .11; for purchase intention, it was substantially stronger at b = 1.18, p < .001, ΔR² = .21, nearly twice the variance explained. The Johnson-Neyman conditional effects make the asymmetry concrete. For brand attitude, the AI-free advantage was significant even at the 16th percentile of algorithm aversion (b = 0.62, p = .011). For purchase intention, the same low-AA condition produced no effect whatsoever (b = 0.06, p = .808). Low-AA consumers form a marginally better attitude toward the AI-free brand but do not translate that into willingness to spend.

The home theory is algorithm aversion in subjective and identity-laden domains (Morewedge, 2022). Morewedge argued aversion intensifies where personal meaning is involved. The asymmetry suggests a refinement: subjective domains with behavioural consequences activate aversion most strongly, since the act of paying makes subjective evaluation concrete in a way attitude formation does not. Dietvorst et al. (2014) demonstrated that algorithms are penalised asymmetrically for errors humans are forgiven for, suggesting high-AA consumers may be primed to penalise any signal of algorithmic involvement. Xie et al. (2022) added that aversion in subjective domains operates below conscious reasoning, which gives the moderation effect at high AA its magnitude (b = 3.13 at the 84th percentile). A final point qualifies the picture: at the very low end of AA (approximately 2% of the sample), AI-free positioning produces worse attitudes than AI-first, consistent with Kim et al.'s (2025) argument that traditional algorithm aversion is softening into AI appreciation in some contexts.
[bookmark: _Toc230191663][bookmark: _Toc230199643]Exploratory findings: Willingness to pay
The exploratory willingness-to-pay measures reinforce the penalty-versus-baseline interpretation. Only 28.2% of AI-first respondents indicated they would purchase at the USD 100 anchor, compared to 61.2% of AI-free respondents, χ²(1, N = 138) = 15.24, p < .001. Mean maximum WTP was substantially lower in the AI-first condition (M = $72.70, SD = $76.35) than in the AI-free condition (M = $113.34, SD = $71.12), t(136) = −3.23, p = .002.

The $40.64 mean difference is initially tempting to describe as a premium for AI-free positioning, but the position of the two means relative to the $100 anchor suggests a different reading. The AI-free mean sits modestly above $100; the AI-first mean sits well below it. The gap is therefore better described as a price penalty for AI-first than a premium for AI-free. Theoretically, this is best understood through the effort heuristic (Heimstad et al., 2025) combined with price-quality signalling (Solomon et al., 2016; Tsui, 2012). AI-positioned output is perceived as requiring less effort, consumers infer quality from effort cues and price from quality, and the chain extends from content evaluation to monetary valuation. Brand authenticity completes the causal chain: damaged authenticity, damaged perceived quality, depressed willingness-to-pay.
[bookmark: _Toc230191664][bookmark: _Toc230199644]Synthesis: AI-first as penalty, AI-free as baseline
Across the three behavioural measures, a single empirical pattern recurs. AI-free positioning produces values modestly above the relevant neutral reference point (the scale midpoint of 4.0 for attitude and purchase intention; the $100 anchor for WTP). AI-first positioning produces values well below those reference points. AI-free is not delivering enthusiasm; AI-first is delivering rejection. AI-first is the marked condition; AI-free is the unmarked one.

This is at odds with the title of the present thesis. "AI-free as a promise of quality?" predicts AI-free positioning would produce values well above midpoint and do the persuasive work. The data do not support this. Instead, AI-free positioning preserves a default favourable evaluation consumers extend to brands in the absence of disqualifying signals. Theoretically, this connects to oppositional positioning (Rosenbaum-Elliott et al., 2018): the brand presents itself as "on the consumer's side" against the AI mainstream rather than offering an intrinsic positive promise. The practical implication is significant. AI-free positioning is a defensive move that preserves baseline consumer evaluation in product categories where human craft is part of the expected value proposition. Its commercial value lies in avoiding the AI-first penalty, not in creating a premium. Brands considering an AI-first stance should anticipate substantial penalties, particularly among consumers with moderate algorithm aversion. And because authenticity is the mechanism, brands adopting AI-free positioning must commit credibly and over time. A brand that positions itself as AI-free and later abandons that commitment will produce the AI-first penalty plus an additional credibility loss.
[bookmark: _Toc230199645]Theoretical Contributions
The findings offer four contributions to the literature. First, the study extends brand authenticity theory into the AI-positioning domain. Brand authenticity theory was developed in the context of heritage brands, craft producers, country-of-origin signals, and CSR positioning (Napoli et al., 2014; Portal et al., 2019; Södergren, 2021; Solomon et al., 2016), and the Napoli et al. (2014) Brand Authenticity Scale was developed before generative AI reached commercial prominence. The present study shows that the three BAS sub-dimensions retained strong internal consistency when the manipulation concerned AI involvement (heritage α = .91, sincerity α = .83, quality α = .89) and that perceived authenticity responds to AI-positioning manipulation with the same theoretical regularities documented in prior heritage and CSR research. A more substantive extension follows from the robustness analyses: when the H2b mediation was rerun with CSR orientation and AI attitudes as covariates, CSR independently predicted brand authenticity (b = 0.24, p = .002), as did positive AI attitudes (b = 0.17, p = .002). Authenticity functions as a shared psychological pathway through which multiple ethics-related consumer evaluations reach behaviour. Authenticity theory therefore now extends beyond its traditional heritage-craft-country-of-origin scope into a broader ethics-of-production domain that includes AI, labour, and sustainability.

Second, the study identifies brand authenticity as the dominant mechanism for AI-positioning effects. The algorithm aversion literature explains that consumers resist AI in identity-laden domains but has been less specific about the mechanism through which resistance reaches downstream brand outcomes (Dietvorst et al., 2014; Morewedge, 2022; Xie et al., 2022). Recent content-level work has identified candidate mediators: perceived effort and creativity (Heimstad et al., 2025) and perceived manipulative intent (Hussain, 2024). The present study identifies authenticity as the dominant mediator at the brand level, accounting for approximately 81.5% of the total effect on brand attitude and 82.7% on purchase intention, with the direct positioning effect reduced to non-significance in both baseline models. This contribution is distinct from content-level mediators because authenticity is theorised as a long-term brand asset driving multi-year outcomes such as trust, loyalty, and iconicity (Södergren, 2021; Solomon et al., 2016), whereas content-level evaluations are typically interpreted as ad-level responses with shorter consequences.

Third, the study refines algorithm aversion theory through the behavioural-commitment asymmetry. Morewedge (2022) argued that aversion intensifies in subjective and identity-laden domains, but the existing literature has not consistently distinguished between attitudinal evaluation and behavioural commitment. The present study shows the interaction between AI positioning and algorithm aversion accounts for approximately twice as much variance in purchase intention (ΔR² = .21) as in brand attitude (ΔR² = .11). At the 16th percentile of algorithm aversion, the AI-free advantage on attitude remains significant while the advantage on purchase intention disappears entirely. The refinement is that subjective domains with behavioural commitment activate aversion most strongly: the act of paying makes subjective evaluation concrete in a way attitude formation does not. This has methodological implications: studies measuring only attitudinal outcomes risk underestimating aversion effects, while studies measuring only behavioural outcomes risk overestimating them.

Fourth, the study reframes how the AI-marketing literature should interpret comparative findings between AI-labelled and human-labelled stimuli. The emerging literature has documented that consumers respond more favourably to human-labelled stimuli, with the difference typically described as a human advantage or a premium attaching to human production (Hussain, 2024; Heimstad et al., 2025; Grewal et al., 2024). The present study suggests this framing may obscure an asymmetry. Across all three dependent measures, AI-free positioning produced values modestly above the relevant reference point, while AI-first positioning produced values well below it. This pattern is more consistent with AI-first functioning as an active penalty than with AI-free functioning as a positive premium. Effect sizes reported as "human advantages" may be more accurately interpreted as "AI penalties," with AI-free positioning preserving a baseline favourable evaluation that consumers extend to brands by default. This reframe has implications for future research design: comparative studies that pit AI-labelled against human-labelled stimuli without a no-positioning baseline cannot distinguish whether the human-labelled advantage reflects positive valence attached to human production, negative valence attached to AI, or both.

These contributions are calibrated to a single-study, fixed-category, Western-skewed experimental design and are best understood as theoretically meaningful starting points for the broader research programme the AI-marketing intersection will demand, not as definitive findings.
[bookmark: _Toc230199646]Managerial Implications
The findings yield three practical implications for brands navigating the AI positioning decision. For brands considering AI integration in creative production, AI-first positioning should be treated as a high-risk communication strategy in product categories where human craft is part of the perceived value proposition. Brand attitude in the AI-first condition fell to 3.61 on a seven-point scale and purchase intention to 2.72, both below midpoint, with very large effect sizes (d = 1.39 and d = 1.14 respectively). The commercial cost is concrete: AI-first respondents reported mean maximum WTP of $72.70 against a $100 market anchor, while AI-free respondents reported $113.34. Companies may continue to use generative AI in their creative processes, but on the basis of these data it is not advisable to publicly announce that they do. The penalty is concentrated among consumers with moderate to high algorithm aversion, who represent 78 to 87% of the sample. AI-first positioning may work for brands serving AI-enthusiast segments such as early-adopter technology brands or generative-AI tool companies, but carries substantial risk for brands serving general consumer markets. Brands using AI internally but not as a positioning element face a different risk calculation: if AI use is later discovered, the penalty for revealed inauthenticity may exceed the penalty for upfront disclosure, because authenticity cannot be manufactured and is destroyed by inconsistency (Solomon et al., 2016; Södergren, 2021).

For brands considering AI-free positioning as a differentiator, the strategy is best understood as a defensive move that preserves baseline favourable evaluation, not an offensive move that generates a premium. The AI-free mean for brand attitude sat just 1.29 points above midpoint, the AI-free mean for purchase intention only 0.31 points above midpoint, and the AI-free mean WTP just 13% above the $100 anchor. None of these values are dramatically positive in absolute terms; the commercial value lies in avoiding the AI-first penalty, not in creating a premium. The strategy works particularly well for consumers with high algorithm aversion, who at the 84th percentile showed an AI-free advantage of b = 2.62 on attitude and b = 3.13 on purchase intention. AI-free positioning requires credible long-term commitment: because the mechanism operates through brand authenticity (accounting for ~82% of the positioning effect), and because authenticity is unmanufacturable and dependent on sustained consistency, brands should not adopt this stance as a short-term tactic. A brand that positions itself as AI-free and later abandons that commitment will incur a penalty greater than the original AI-first penalty. The credibility of the positioning depends on the broader communication ecosystem: a brand claiming AI-free production while using AI-generated visual content elsewhere creates an internal contradiction that undermines the positioning effect regardless of how clearly the claim is communicated.

For marketing communications and disclosure strategy, AI disclosure should be treated with the strategic weight given to CSR commitments. The robustness analyses (Appendix 18) show that CSR independently predicts brand authenticity (b = 0.24, p = .002), as do positive AI attitudes (b = 0.17, p = .002), confirming authenticity functions as a shared pathway through which multiple ethics-related consumer evaluations reach behaviour. Brands that have invested in formal CSR strategy should apply the same rigour to AI-positioning decisions: clear principles, consistent communication, and credible delivery. The communications team should be involved in production decisions about AI rather than informed after the fact, since a single brief positioning paragraph produces effect sizes greater than d = 1.0 at the brand level. Communications about authenticity should foreground the three Napoli et al. (2014) sub-dimensions: heritage, sincerity, and quality. The present study demonstrated that AI positioning moves all three reliably, with each contributing to the composite authenticity measure mediating positioning effects, suggesting a communication strategy foregrounding all three is likely more effective than one emphasising a single dimension.
[bookmark: _Toc230199647]Limitations
[bookmark: _Toc230191668][bookmark: _Toc230199648]Sample limitations
The analytical sample of 138 valid responses exceeded the minimum of 128 cases identified through G*Power for detecting medium effects at .80 power, but fell short of the 200-case target derived from the literature on bootstrapped mediation (Hayes, 2022). The actual effects observed were very large (d = 1.14 to 1.39), giving the design more than adequate power for the main hypothesis tests, but the confidence intervals around the H1b and H2b indirect effects are wider than they would be at a larger sample size.

The sample skewed toward respondents aged 18 to 24 (55.1%) and toward women (64.5%), with a strong concentration in Switzerland (51.4%) and Brazil (16.7%). The robustness analyses (Section 5.9) confirmed that demographic covariates did not significantly predict any dependent variable and that the mediation findings persisted after demographic controls. These results speak to internal validity but not external validity. The findings should not be assumed to transfer directly to older segments, male-dominant segments, or non-Western markets. Replication in culturally distinct samples is needed before the findings can be treated as cross-culturally robust. A related limitation is the heavy concentration of AI-experienced respondents: 63% reported using generative AI frequently or daily, meaning the present sample may underestimate the AI-first penalty among less AI-familiar consumers.
[bookmark: _Toc230191669][bookmark: _Toc230199649]Design limitations
The experimental design carries six limitations. First, the use of a fictitious brand isolates the positioning manipulation from existing brand associations and serves internal validity well, but means the findings cannot directly speak to how AI positioning would affect real brands with established equity. Second, the single product category (sunglasses, a low-involvement aesthetic product where human craft is a credible value attribute) limits generalisability; the penalty-versus-baseline pattern likely transfers to comparable craft-relevant categories but may differ substantially in categories where AI involvement is expected or valued.

Third, the polarisation of the experimental stimuli (entirely AI-first versus entirely AI-free) does not reflect real-world brand communications, which more often sit at hybrid positions. The effect sizes should be interpreted as upper bounds on polarisation. Fourth, and most consequentially, the present study did not include a no-positioning baseline condition. The penalty-versus-baseline reframe central to Sub-chapters 6.1 and 6.2 rests on the position of the two condition means relative to natural reference points and is consistent with this interpretation, but cannot be confirmed definitively without an explicit no-positioning control.

Fifth, the experimental manipulation consisted of a positioning paragraph only, with no product images, brand logo, packaging, or advertising visuals. This isolated the verbal positioning effect cleanly but created an environment unusually impoverished relative to real-world brand encounters. Sixth, the static single-exposure design cannot capture how attitudes develop with repeated exposure, how they recover from initial AI-first rejection, or how brand-consumer relationships evolve over time.
[bookmark: _Toc230191670][bookmark: _Toc230199650]Measurement limitations
Two measurement limitations apply. First, purchase intention and willingness-to-pay were measured as self-reported behavioural intent, not actual purchase decisions. The consumer behaviour literature consistently documents a gap between intent and behaviour (Solomon et al., 2016). The study used three complementary measures to triangulate, and all three converged on the same penalty-versus-baseline pattern, which strengthens confidence in the result. Actual purchasing behaviour may nonetheless show smaller effects in real-world contexts where price comparisons, alternatives, and situational factors influence the decision.

Second, the mediation model entered brand authenticity as a single mediator. The literature on AI evaluation identifies plausible additional mediators: perceived effort and creativity (Heimstad et al., 2025), perceived manipulative intent (Hussain, 2024), and trust (Rosenbaum-Elliott et al., 2018). The present study found authenticity alone accounted for approximately 82% of the positioning effect, leaving only modest residual variance for additional mediators. A more comprehensive multi-mediator model would clarify whether authenticity is genuinely the principal pathway in absolute terms or merely the largest of several partially overlapping pathways.
[bookmark: _Toc230199651]Future Research Directions
The limitations above suggest a structured research agenda. Six directions are outlined, ordered by priority. First and most consequential is a three-condition replication incorporating a no-positioning baseline alongside the AI-first and AI-free conditions. The penalty-versus-baseline reframe central to Sub-chapter 6.1 and 6.2 cannot be confirmed definitively without an explicit no-AI-mention control. If the no-positioning baseline sits close to the AI-free mean, the penalty interpretation is confirmed. A three-condition between-subjects design with approximately 210 respondents would address this gap directly.

Second, hybrid positioning studies should test multiple positions along the AI-involvement spectrum (perhaps five conditions ranging from full AI-first through hybrid framings to full AI-free) to identify the threshold at which the AI penalty activates and the threshold at which the AI-free advantage stabilises. The algorithm aversion literature (Jussupow et al., 2020) and more recent work on AI appreciation (Kim et al., 2025) both suggest hybrid configurations are perceived more favourably than fully algorithmic ones, but neither has been directly tested in a positioning context.

Third, cross-cultural replication comparing samples from at least one Western and one East Asian market would test whether the authenticity-mediated penalty pattern is culturally specific or general. The replication should incorporate explicit measurement of cultural attitudes toward AI as a moderator alongside algorithm aversion.

Fourth, replication in other product categories would clarify the boundary conditions of the present findings. The penalty pattern likely transfers to craft-relevant categories such as fashion, food, hospitality, and cosmetics, but may differ in categories where AI involvement signals capability rather than inauthenticity (technology, productivity software, financial services, data analytics).

Fifth, two related extensions would address mechanism and brand-equity questions. A multi-mediator model entering authenticity alongside perceived effort, creativity, manipulative intent, and trust would clarify whether authenticity is the principal pathway in absolute terms or the largest of several partially overlapping pathways. A study applying identical positioning to several real brands of varying equity (strong heritage brand, strong technology credentials, fragile equity) would clarify how prior brand assets buffer or amplify the positioning effect.

Sixth, longitudinal designs would address questions the single-exposure design could not: whether AI-first penalties persist or attenuate with repeated exposure, whether AI-free advantages strengthen with sustained communication or plateau, and what happens when a brand abandons AI-free positioning after years of maintenance.
[bookmark: _Toc230199652]Conclusion
This study investigated whether the strategic divergence between AI-first and AI-free brand positioning carries measurable consequences for consumer perception. Two research questions guided the inquiry: whether explicit AI-free positioning produces more favourable consumer attitudes and higher purchase intention, and whether brand authenticity mediates this relationship while algorithm aversion moderates its strength.

The first question is answered affirmatively and substantively. AI-free positioning produced significantly more positive consumer attitudes than AI-first positioning, with a very large effect size (M = 5.29 vs. 3.61, t(136) = 8.17, p < .001, d = 1.39). The same pattern held for purchase intention (M = 4.31 vs. 2.72, d = 1.14) and willingness-to-pay (M = $113.34 vs. $72.70, p = .002). The fuller interpretation, developed across Section 6.1, is that this difference is more accurately described as a penalty attaching to AI-first positioning than a premium attaching to AI-free positioning. The AI-first means sit actively below scale midpoints and below the $100 market anchor, while the AI-free means sit modestly above them. AI-free positioning preserves a baseline of favourable evaluation consumers extend to brands by default in craft-relevant categories; AI-first positioning destroys it.

The second question is also answered affirmatively. Brand authenticity fully mediated the effect of AI positioning on both brand attitude and purchase intention, accounting for approximately 81.5% and 82.7% of the total effects respectively, with the direct positioning effect reduced to non-significance in both baseline mediation models. The AI-first penalty operates specifically through perceived inauthenticity rather than any generalised dislike of AI. Algorithm aversion moderates the strength of these effects, with the AI-free advantage growing substantially among consumers with higher aversion. The moderation is notably stronger for purchase intention (ΔR² = .21) than for brand attitude (ΔR² = .11), suggesting algorithm aversion functions as a stronger gatekeeper of behavioural commitment than of attitudinal evaluation.

Beyond the specific answers, this study contributes to the brand authenticity literature by extending the construct into the AI-positioning domain and demonstrating that authenticity functions as a shared pathway through which multiple ethics-related consumer evaluations reach behaviour. It contributes to the algorithm aversion literature by identifying an asymmetry between attitudinal and behavioural moderation that refines existing claims about when aversion intensifies. And it contributes to the broader AI-marketing literature by suggesting comparative findings in this field are more plausibly understood as penalties for AI-labelled stimuli than premia for human-labelled ones, a reframing with consequences for both future research design and brand strategy.

These contributions are offered with the calibration appropriate to a single-study, single-category, Western-skewed design. The penalty-versus-baseline reframe remains suggestive rather than confirmed without the no-positioning control identified as the highest-priority follow-up; the dominance of authenticity as a mediator may persist or recede when alternative mediators are modelled simultaneously; and cross-cultural and category-replication studies are needed before the findings can be treated as broadly generalisable.

The strategic landscape this study addresses is moving rapidly. Generative AI adoption is accelerating, regulatory regimes for AI disclosure are taking shape, and cultural norms around AI use are evolving in ways that may attenuate or even reverse the penalty pattern documented here. The findings should be understood as a snapshot of consumer response at a specific moment in the adoption curve, captured in late 2025 and early 2026, rather than a permanent characterisation. The fact that consumers currently respond as strongly as they do to AI brand positioning, however, suggests the strategic stakes for brands navigating this question are substantial today, and that the marketing literature has an active and growing area of inquiry ahead of it.
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	Actual Survey Items (as administered)
	Response Format

	Condition A (AI-Free):
"At Roy Sunglasses, we do not use artificial intelligence. Not in our design process, not in our campaigns, not in a single image or line of copy we put into the world..."
 
Condition B (AI-First):
"At Roy Sunglasses, artificial intelligence is our primary creative tool. Every image we publish, every campaign we run, every piece of copy attached to our brand is generated by AI..."
	Nominal / Experimental
 0 = Condition A
 	(AI-Free)
 1 = Condition B
 	(AI-First)

	MC1 — "Roy Sunglasses uses artificial intelligence in its creative work."
MC2 — "Artificial intelligence plays a central role in how this brand operates."
MC3 — "Roy Sunglasses values human craftsmanship and intuition."
MC4 — "This brand sees itself as forward-looking and technologically progressive."
MC5 — "This brand believes great design comes from human sensibility."
MC6 — "This brand is defined by its embrace of new creative technologies."
MC7 — "Roy Sunglasses identity is rooted in tradition and the limits of human-made things."
 
ATTN1 — "I am currently paying attention to this survey." [Forced correct: Strongly Agree]
	MC1–MC7:
 7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

 ATTN1:
 7-point Likert
 (Correct = 7)

	BA-H1 — "Roy Sunglasses feels like a brand with a meaningful history."
BA-H2 — "Roy Sunglasses feels like a brand with deep, established roots."
BA-H3 — "Roy Sunglasses reminds me of a more considered, craft-oriented era of design."
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

	BA-S1 — "Roy Sunglasses is genuine in the way it communicates with consumers."
BA-S2 — "Roy Sunglasses is transparent about how it creates its products and campaigns."
BA-S3 — "Roy Sunglasses does not pretend to be something it is not."
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

	BA-Q1 — "Roy Sunglasses demonstrates a genuine commitment to quality standards."
BA-Q2 — "Roy Sunglasses shows a real concern for craftsmanship in how it presents itself."
BA-Q3 — "Roy Sunglasses clearly cares about how its products and brand are made."
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

	AA1 — "I trust a brand less when I know it relies heavily on artificial intelligence to define and express what it stands for."
AA2 — "A brand that positions itself around artificial intelligence feels less authentic to me than one that emphasizes human involvement."
AA3 — "I am more drawn to brands that place human craftsmanship and creativity at the core of their identity than to brands built around technological innovation."
AA4 — "A brand that proudly identifies itself as AI-driven makes me feel less of a personal connection with it."
AA5 (R) — "Brands that embrace artificial intelligence as a core part of their identity feel more innovative and appealing to me."
AA6 (R) — "I find it exciting when a brand builds its entire identity and creative direction around cutting-edge technologies like AI."
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

 High composite
 = high aversion
 (after recoding
 AA5 & AA6)

	ATT-A1 — Bad (1) ←——→ Good (7)
ATT-A2 — Unpleasant (1) ←——→ Pleasant (7)
ATT-A3 — Unfavorable (1) ←——→ Favorable (7)
 
Stem: "Please rate your overall feeling toward Roy Sunglasses on each of the following scales."
	7-point Semantic
 Differential
 Negative
 pole (1) →
 Positive
 pole (7)

	ATT-C1 — "I believe Roy Sunglasses offers a high quality product."
ATT-C2 — "Roy Sunglasses seems like a credible and trustworthy brand."
ATT-C3 — "I think Roy Sunglasses is a reliable brand."
 
Stem: "Please indicate how much you agree or disagree with each of the following statements about Roy Sunglasses."
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

	PINT1 — "I would consider buying a pair of sunglasses from Roy Sunglasses."
PINT2 — "I intend to purchase from Roy Sunglasses in the future."
PINT3 — "The next time I need sunglasses, Roy Sunglasses would be a likely choice."
PINT4 — "I would actively seek out Roy Sunglasses when shopping for sunglasses."
 
Stem: "The following questions ask about your likelihood of purchasing from Roy Sunglasses. Please answer based on how you feel after reading about the brand."
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

	WTP1 — "A pair of Roy Sunglasses costs USD 100. Would you consider buying them at this price?"
  ○ Yes
   ○ No
 
WTP2 — "What is the maximum amount in USD you would be willing to pay for a pair of Roy Sunglasses?"
  [Open numeric entry — whole number in USD]
 
	WTP1:
 Nominal
 (Yes / No)

 WTP2:
 Ratio /
 Continuous
 (USD amount)

	GAI1 — "Artificial intelligence has many beneficial applications in everyday life."
GAI2 — "I am interested in using AI tools as part of my daily routine."
GAI3 — "I find the rapid development of AI somewhat unsettling."
GAI4 — "I am concerned about the ethical implications of artificial intelligence."
 
Stem: "Please indicate how much you agree or disagree with each statement."
Anchors as administered: 1 = None at all → 7 = A great deal
	7-point scale
 1 = None at all
 7 = A great deal

 Measured
 pre-stimulus
 (before
 vignette)

	FAM1 — "How often do you personally use generative AI tools (e.g., ChatGPT, Midjourney, DALL-E, Gemini)?"
  ○ Never — I have never used any AI tools
   ○ Rarely — I have tried them once or twice
   ○ Occasionally — I use them a few times per month
   ○ Frequently — I use them several times per week
   ○ Daily — AI tools are part of my everyday routine
 
FAM2 — "Overall, how familiar are you with generative AI technology?"
  1 = Not familiar at all → 7 = Extremely familiar
  (Labeled: Not familiar at all / Slightly / Somewhat / Moderately / Familiar / Very familiar / Extremely familiar)
	FAM1:
 5-point ordinal
 (Never →
 Daily)

 FAM2:
 7-point scale
 1 = Not familiar
 	at all
 7 = Extremely
 	familiar

	CSR1 — "I prefer to buy from companies that act ethically and responsibly."
CSR2 — "A company's ethical values are important to me when I make a purchase decision."
CSR3 — "I am more likely to purchase from a brand that takes a clear and consistent ethical stance."
 
	7-point Likert
 1 = Strongly
 	Disagree
 7 = Strongly
 	Agree

	D1 — "What is your age?"
   ○<17 [screened out]
   ○18–24
   ○25–44
   ○45–64
   ○ 65–75+
	Ordinal
 (age bands;
 <17 screened
 out by
 Qualtrics)

	D2 —"What is your gender?"
   ○Male
   ○Female
   ○ Non-binary / third gender
   ○ Prefer not to say
	Nominal /
 Categorical

	D3 — "What is the highest level of education you have completed?"
   ○ Secondary school / High school diploma
   ○ Bachelor's degree
   ○ Master's degree
   ○ Doctoral degree (PhD or equivalent)
   ○ Professional qualification (e.g., MBA, JD, MD)
   ○ Other: [open text]
	Ordinal
 (6 levels)

	D4 — "In which country do you currently reside?"
   [Open text field]
	Nominal /
 Categorical


(Appendix 1, source: Own)
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(Appendix 2, total respondents after being filtered, source: Own)
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(Appendix 3, Algorithm Aversion, source: Own)
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(Appendix 4, Brand Authenticity- Heritage, source: Own)
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(Appendix 5, Brand Authenticity – Sincerity, source: Own)
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(Appendix 6, Brand Authenticity – Quality, source: Own)
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(Appendix 7, Brand Attitude – Affect, source: Own)

[image: ]
(Appendix 8, Brand Attitude – Cognition, source: Own)
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(Appendix 9, Purchase Intention, source: Own)
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(Appendix 10, Corporate Social Responsibility, source: Own)
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(Appendix 11, Brand Authenticity overall, source: Own)
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(Appendix 12, Brand Attitude overall, source: Own)

	Demographic
	Category
	N
	%
	

	Age
	18–24
	76
	55.1%
	

	
	25–44
	35
	25.4%
	

	
	45–64
	22
	15.9%
	

	
	65–75+
	5
	3.6%
	

	Gender
	Female
	89
	64.5%
	

	
	Male
	46
	33.3%
	

	
	Non-binary / third gender
	1
	0.7%
	

	
	Prefer not to say
	2
	1.4%
	

	Education
	Secondary school / High school diploma
	62
	44.9%
	

	
	Bachelor's degree
	40
	29.0%
	

	
	Master's degree
	21
	15.2%
	

	
	Doctoral degree (PhD)
	5
	3.6%
	

	
	Professional qualification (MBA, JD, MD)
	9
	6.5%
	

	
	Other
	1
	0.7%
	

	AI Usage
	Never
	2
	1.4%
	

	
	Rarely
	17
	12.3%
	

	
	Occasionally
	32
	23.2%
	

	
	Frequently
	53
	38.4%
	

	
	Daily
	34
	24.6%
	

	AI Familiarity
	Not familiar at all (1)
	7
	5.1%
	

	
	Slightly familiar (2)
	14
	10.1%
	

	
	Somewhat familiar (3)
	24
	17.4%
	

	
	Moderately familiar (4)
	20
	14.5%
	

	
	Familiar (5)
	31
	22.5%
	

	
	Very familiar (6)
	26
	18.8%
	

	
	Extremely familiar (7)
	16
	11.6%
	


(Appendix 13, Sample demographic profile, N = 138, , source: Own)


	Demographic
	Category
	AI-first n
	AI-first %
	AI-free n
	AI-free %
	Total n
	Total %

	Age
	18–24
	43
	60.6%
	33
	49.3%
	76
	55.1%

	
	25–44
	17
	23.9%
	18
	26.9%
	35
	25.4%

	
	45–64
	8
	11.3%
	14
	20.9%
	22
	15.9%

	
	65–75+
	3
	4.2%
	2
	3.0%
	5
	3.6%

	Gender
	Male
	23
	32.4%
	23
	34.3%
	46
	33.3%

	
	Female
	46
	64.8%
	43
	64.2%
	89
	64.5%

	
	Non-binary / third gender
	1
	1.4%
	0
	0.0%
	1
	0.7%

	
	Prefer not to say
	1
	1.4%
	1
	1.5%
	2
	1.4%

	Education
	Secondary school / High school diploma
	35
	49.3%
	27
	40.3%
	62
	44.9%

	
	Bachelor's degree
	22
	31.0%
	18
	26.9%
	40
	29.0%

	
	Master's degree
	12
	16.9%
	9
	13.4%
	21
	15.2%

	
	Doctoral degree (PhD or equivalent)
	0
	0.0%
	5
	7.5%
	5
	3.6%

	
	Professional qualification (MBA, JD, MD)
	1
	1.4%
	8
	11.9%
	9
	6.5%

	
	Other
	1
	1.4%
	0
	0.0%
	1
	0.7%

	AI Usage
	Never — never used any AI tools
	0
	0.0%
	2
	3.0%
	2
	1.4%

	
	Rarely — tried them once or twice
	11
	15.5%
	6
	9.0%
	17
	12.3%

	
	Occasionally — a few times per month
	13
	18.3%
	19
	28.4%
	32
	23.2%

	
	Frequently — several times per week
	36
	50.7%
	17
	25.4%
	53
	38.4%

	
	Daily — part of everyday routine
	11
	15.5%
	23
	34.3%
	34
	24.6%

	AI Familiarity
	Not familiar at all (1)
	4
	5.6%
	3
	4.5%
	7
	5.1%

	
	Slightly familiar (2)
	8
	11.3%
	6
	9.0%
	14
	10.1%

	
	Somewhat familiar (3)
	9
	12.7%
	15
	22.4%
	24
	17.4%

	
	Moderately familiar (4)
	11
	15.5%
	9
	13.4%
	20
	14.5%

	
	Familiar (5)
	17
	23.9%
	14
	20.9%
	31
	22.5%

	
	Very familiar (6)
	12
	16.9%
	14
	20.9%
	26
	18.8%

	
	Extremely familiar (7)
	10
	14.1%
	6
	9.0%
	16
	11.6%

	Total
	
	71
	100.0%
	67
	100.0%
	138
	100.0%


(Appendix 14, Demographic balance across experimental conditions, source: Own)

	Country
	N
	%

	Switzerland
	71
	51.4%

	Brazil
	23
	16.7%

	Argentina
	9
	6.5%

	Portugal
	8
	5.8%

	United States
	5
	3.6%

	Germany
	3
	2.2%

	Italy
	3
	2.2%

	Sweden
	3
	2.2%

	United Kingdom
	3
	2.2%

	Denmark
	2
	1.4%

	Spain
	2
	1.4%

	Belgium
	1
	0.7%

	France
	1
	0.7%

	Greece
	1
	0.7%

	Mexico
	1
	0.7%

	Netherlands
	1
	0.7%

	Saudi Arabia
	1
	0.7%

	Total
	138
	100.0%


(Appendix 15, Country of residence distribution, source: Own)


	Item
	M (AI-first, n=71)
	SD
	M (AI-free, n=67)
	SD
	t(136)
	p
	Cohen's d

	Q5.2_1 — Roy Sunglasses uses AI in its creative work
	6.51
	1.04
	1.64
	1.35
	23.85
	<.001
	4.06

	Q5.2_2 — AI plays a central role in how this brand operates
	6.58
	1.00
	1.75
	1.57
	21.72
	<.001
	3.70

	Q5.2_3 — Roy Sunglasses values human craftsmanship and intuition
	2.23
	1.68
	6.24
	1.09
	−16.52
	<.001
	−2.81

	Q5.2_4 — This brand sees itself as forward-looking and technologically progressive
	6.08
	1.26
	3.33
	1.57
	11.40
	<.001
	1.94

	Q5.2_5 — This brand believes great design comes from human sensibility
	2.34
	1.66
	6.10
	1.13
	−15.52
	<.001
	−2.64

	Q5.2_6 — This brand is defined by its embrace of new creative technologies
	5.97
	1.25
	2.64
	1.36
	14.99
	<.001
	2.55

	Q5.2_7 — Roy Sunglasses identity is rooted in tradition and the limits of human-made things
	2.23
	1.68
	5.37
	1.62
	−11.17
	<.001
	−1.90


(Appendix 16 — Manipulation check results: independent samples t-tests by condition, source: Own)


	Path
	Description
	b
	SE
	p
	95% CI

	a
	IV → BA_all
	1.520
	.160
	<.001
	[1.203, 1.837]

	b
	BA_all → ATT_all (controlling IV + covariates)
	0.862
	.072
	<.001
	[.719, 1.004]

	c
	IV → ATT_all (total effect, with covariates)
	1.682
	.191
	<.001
	[1.304, 2.060]

	c'
	IV → ATT_all (direct effect, with covariates)
	0.372
	.172
	.032
	[.032, .713]

	ab
	Indirect effect through BA_all
	1.310
	.172
	—
	[0.993, 1.665]

	Covariates included: CSR, GAI_pos, GAI_neg
	
	
	
	


(Appendix 17 — Robustness analysis for H1b: mediation through brand authenticity controlling for CSR, positive AI attitudes, and negative AI attitudes , source: Own)

	Path
	Description
	b
	SE
	p
	95% CI

	a
	IV → BA_all
	1.520
	.160
	<.001
	[1.203, 1.837]

	b
	BA_all → PINT (controlling IV + covariates)
	0.826
	.103
	<.001
	[.623, 1.029]

	c
	IV → PINT (total effect, with covariates)
	1.646
	.231
	<.001
	[1.190, 2.102]

	c'
	IV → PINT (direct effect, with covariates)
	0.390
	.246
	.114
	[−.096, .876]

	ab
	Indirect effect through BA_all
	1.256
	.197
	—
	[0.889, 1.654]

	Covariates included: CSR, GAI_pos, GAI_neg
	
	
	
	


(Appendix 18 — Robustness analysis for H2b: mediation through brand authenticity controlling for CSR, positive AI attitudes, and negative AI attitudes, source: Own)
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(Appendix 19 — Pearson correlations among study variables, source: Own)


	Path
	Description
	b
	SE
	p
	95% CI

	a
	IV → BA_all
	1.508
	.171
	<.001
	[1.171, 1.845]

	b
	BA_all → ATT_all (controlling IV + covariates)
	0.906
	.069
	<.001
	[.769, 1.043]

	c
	IV → ATT_all (total effect, with covariates)
	1.664
	.205
	<.001
	[1.258, 2.070]

	c'
	IV → ATT_all (direct effect, with covariates)
	0.298
	.171
	.084
	[−.041, .636]

	ab
	Indirect effect through BA_all
	1.366
	.177
	—
	[1.029, 1.724]

	Covariates included: Age, Gender, Education
	
	
	
	


(Appendix 20 — Robustness analysis for H1b: mediation through brand authenticity controlling for age, gender, and education, source: Own)
	Path
	Description
	b
	SE
	p
	95% CI

	a
	IV → BA_all
	1.508
	.171
	<.001
	[1.171, 1.845]

	b
	BA_all → PINT (controlling IV + covariates)
	0.897
	.094
	<.001
	[.711, 1.083]

	c
	IV → PINT (total effect, with covariates)
	1.523
	.240
	<.001
	[1.049, 1.996]

	c'
	IV → PINT (direct effect, with covariates)
	0.170
	.233
	.469
	[−.292, .631]

	ab
	Indirect effect through BA_all
	1.353
	.199
	—
	[0.986, 1.778]

	Covariates included: Age, Gender, Education
	
	
	
	


(Appendix 21 — Robustness analysis for H2b: mediation through brand authenticity controlling for age, gender, and education, source: Own)

AI prompts used (Claude)
The following prompts represent the most relevant uses of the AI tool during the preparation of this thesis. All outputs were critically reviewed and edited by the author.
	#
	Purpose
	Prompt

	1
	Chapter outline and structure
	"Help me organize a chapter outline for my chapters/sections. "

	2
	Writing style conciseness and coherence
	"Make the following paragraph from my chapter more coherent and with better grammar, while preserving all citations and the academic tone : [paragraph pasted]"

	3
	Interpreting SPSS output, mediation and moderation
	"I ran an analysis in SPSS. Here are the outputs for paths a, b, c, and c'. Help me understand these results. [SPSS output pasted]"

	4
	Summarising tables and figures
	"Help me interpret the data from this SPSS table. Highlight the main effect sizes, t-values, p-values into tables. [table pasted]"

	5
	Linguistic revision
	"Review the following section of my chapter for grammar, clarity, and academic tone. Do not change the substance of the arguments or any citations. Flag any sentences that are unclear or could be tightened and explain to me what I did wrong. [section pasted]"


(Appendix 22, source: Own)
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I confirm that I have written this thesis independently. All text passages that do not originate from me are clearly marked and provided with a precise reference to their origin. The sources used (also applies to illustrations, graphics, etc.) are listed in the bibliography. I also declare that I have worked with the AI-based tool Claude when preparing this assignment. I used the tool for the following work: text production, linguistic revision, structural review, summarization of literature and support of statistical analysis. 
 
I confirm that I have checked AI-generated texts or text fragments critically.
The most relevant prompts are listed in the appendix.
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== Correlation at 0.001 (2-taled)

* Corslation is significant atthe 0.01 level (2-tailed)
* Corrslation is significant atthe 0.0 level (2-tailsd).
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